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Abstract

Recently, a class of phenomena known as self-orgargagdality (SOC) has been
discovered. SOC is characterized by two properties: firstly, the spstamtspower law
behavior typical of a criticabtate, with no characteristic time or length scales; and
secondly, this state is approached naturalifhout tuningany external parametersarly
studies explainedSOC in terms of conserved quantities [1,2]. Then Balal. [3]
suggested that th&ame of Life, GL, a cellular automatonlacking any coserved
guantities, also exhibited SOC. Tluparked a debate as to whether GL truly is SOC;
conflicting data suggested it was subcritical [4,5,6].

In this paper | explore botkides ofthe argument in an attempt to resolve the
issue. Byfinding an explicitform for the scaling functionthe opposing arguments are
reconciled and, with somslight reservations, GL is judged to be subcritical. The
differences between the analysis herein and other studies is highlighted.

| also introduce the reader to sowiber ineresting features of GL, arwllular
automata in general, iorder toelicit the proper respect for thesenple yet complex
models. In doing so | hope tmpressupon the reader thasufficiencies ofthe awailable
analyticaltools. New methods are required to account for the long-range correlations

which develop in GL and other deterministic automata.
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1. Introduction

1.1. Cellular automata
There are anumber of ways to moddhe temporal evolution opatially extended
systems. Differentiaéquations (DEs) areptimal for modelling continuous space-time
dynamics. They also hatke advantage djeing wellunderstood and karge volume of
analyticaltools have been discovered to predict their behavidowever, notall natural
systems fit well into this mold. In some cases either the spatial or terdpoegisions are
best discretizedFor examplethelogistic mapis a discrete-time model describigpbal
dynamics of gpopulation fromone generation to the nexSimilarly, evolution near a
periodic solution of aifferential eqation is often easier tanalyze by looking at the
Poincaré mapa cross-sectionalice ofspace where the periodic orbit is represented by a
point, making it easier to visualize in higher dimensiongscEte timemapsarechosen
when theyare mathematically simpler othe naturalsystem being modelled exhibits a
periodic or discontinuous temporal behavior. In general, however, therteveee
mathematicatools availablefor analysis of map&nd, surpsingly, theytend to exhibit
chaos more often than their continuous cousiii$is is often observed imumerical
integrations ofdifferential equations, inwhich the DE is discretized (botbpatially and
temporally) inorder to besolved via computer. Unless very particular preventative
measures are taken the numerical simulation often exhibit chaotic bemattrserved in
the original equation [fp. 707-752

Another possible choicéor modelling natural phenomenare cellular automata
(CA). They are characterized hyot only discrete timeput a discrete lattice space as
well. They are well suited for modelling systems wittatsmicor discrete structure. For
example, sand flow has been successfully modelled by CA because of sand's granular
nature. Each point, @ell, in a CA lattice space can have one @hée number ofstates.

The physics of thisuniverseis the set ofules whichgovern the transition ofell states.



The transition rules arecal, depending only on a celi®ighborhood[], and isotropic,
independent of theell's position. In most CA the entire lattice undergpesallel (or
synchronoup updating, but it is alssometimes interesting to obsertlee effects of
removing this constriction. A powerful anehsy to implement class of CA apply a
totalistic law--that is, the cell's statg(x, t), depend®nly onthe number oflive cells in its

neighborhoodg(x,t), and not the particular configuration of these neighbors:

s(x, t+1) = rule(9x, 1),0(x, 1)) (1.1)

where
1) = " 1. 1.2
oY= 3 St (12)

The transition rule in Eq. (1.Xpay beeitherdeterministicor probabilistic-thatis, each
transitionwill occur notwith certaintybut with some constargrobability which depends
on the particular transition. In this senseyill be dealing exclusivelyith deterministic
CA transition rules in this paper (althougtvill extend themodel to explorehe effects of
randomization in Chapter 4).

This simple structure makes CA models ideafor computer simulation.
Simulations can be goodfirst tool for testing a theory. One ca&asilychange thenodel
parameters and decidéhich features arenecessary fothe occurrence of some natural
phenomenon andhich are irrelevant. Further, CAimulations offer immediateisual
feedback which can confirm or discredit a modelowever,heavy reliance on CAloes
incur a penaltythere are nayeneral analyticatools available topredict orverify CA
dynamics. For thecontinued application of these techniquethmscientific community it
will be necessary for some independent methods to be develomedhftion the results
observed on the computer screen. In isolated casesmalizatiorgroup, finite-scaling,
and mearfield methods have been applied. In thaper Iwill apply the lattertwo of
these methods to a particular CA, which should demonstratkfficalties andlimitations

of these techniques as well as their potentials.



1.1.1. Wolfram classes

As was noted for maps, CA cdisplay agreatdiversity of behavior.Some rules can lead
to dull, predictable dynamics, while other choices may result in wildly chaotic evolution.

Of course, for a eterministic CA on a finitdattice the system mustalways
eventually fallinto a periodic loop because there ardy a finite number omicrostates
available. Consider amstate CA on a twalimensionalsquare lattice of length: then
there aren* microstates andincethe CA is e@terministicthe evolution must, after an
initial transient, cycle repeatedly through a subset of these microstates.

In theory, though, theasmwieldy systems may, e thermodynamic limit, evolve
indefinitely without cycling, giving rise td'true" chaos. Wolfram proposed théollowing

gualitative scheme to classify CA by the degree to which they tend to organize: [8]

Class | evolve to a fixed homogenous state (ordered);

Class Il evolve to simple separated periodic structures (mildly disordered);
Class 1l yield chaotic aperiodic patterns (chaotic); and

Class IV yield complex patterns of localized structures (complex).

Notice that the transition from order to chaos traverseslésses irthe order I-11-IV-III.
Class IV was singled out by Wolfram because of its special properties: it appears to be "on
the edge of chaos". CBelonging to class \are the most interesting to stubdgcause
they exhibitthe mosttomplexdynamicsand those mosesemblinghature. Class | and
systemgend to betoo stable tosupportany kind of ineresting dynamics. Conversely,
classlll systemsareunable to maintain anstructure making them uninteresting asell.
Class IV systemdjowever, do have cleatructures but arable to completelyearrange
them on demand. In other words, they have the greatest capacity to both store and modify
information.

In practice complexity, and hendde Wolfram class, is determined by the

dynamics ofthe transient rather than by the properties of the stsiadg. Class | and I



CA tend tohaveshorttransients before settling down to thequilibrium configurations.
Likewise, clasdll CA, havingchaoticattractors, obscurtheir initial statevery quickly.
A global quantity, such as population densityll rapidly diverge from itsnitial value and
soon fluctuatechaoticallyaround amean value which is identicdébr almostall initial
configurations. Howeverglass IV CA exhibit very longransients, and have \eery
sensitive dependence on thaiitial configuration. Hence, transient length isuseful

measure of complexity. A sample of this definition is represented in Figure 1.1.

MION
-
—d
s
L
g
8
Lov

0.0 Ne 1

Figure 1.1: Relation between complexity and/Nolfram classes as viewed by

Langton [9]. Notice the analogy with phase transitions.Complexity is measured

by the transient length (stabilization time).

In this figure, thex-axis represents a particular parametrization of the rule-space
known as the parameter [9]. This parameter is just the fraction of nut@sh don't map

cells tothedeadstate. (Note\,, =0.273) Thisparameter has met witimited success

in describing CA complexitj10 and references therdin



The figure also provideanotheranalogy to describthe differences between the
classes: class | and Il regzent an ordereghase (like a solid), clad$l represents a
disordered phase (fluid), and classridpresents a second-order phase transition between
thetwo. Fornow wewill leave thisopic todiscusshe particulars of the CA in question

but we will expand on this analogy later.

1.2. Life
The Game of Lifg(GL) is a two-dimensional CA invented by JoHorton Conway and
made famous by Martin Gardner Inms 1970 Scientific American articles [11]. This
particular CA gained greatdeal ofattention because of the degreenach it appeared
to simulate real-lifgorocesses (hence the name). The rat#gally have nothing to do
with natural systems. In fact, Conway's goal in construdtiegrules was tanake it
difficult to decide whether a particulantial pattern woulddecay orgrow withoutlimit.
Naturally, then, GL belongs to class IV by Wolfram's scheme.
GL was also exciting because thie simplicity of the ruleswhich generated the
complex dynamic®bserved. There amnly two possiblestates foreach cell:alive or
dead The neighborhood wefined to bahe eight nearestells onthe rectangular lattice
(the four adjacent orthogonally and the four adjacemodially). With this neighborhood
the rules are
« Births. If acell is currentlydead and it has exactlyhree neighbors itwill become
alive in the next time step.

« Survivals. If a cell icurrentlyalive and it has either two or thremighbors itwill
remainalive in the next time step.

- Deaths. If neither above condition is satisfied ¢k will becomedeadin the next

time step.



Note GL is asynchronousCA so allthe cells inthe lattice are updatesimultaneously

making the evolution deterministic. Mathematically the rules are written as
0=3

otherwise

2<0<3

otherwise

1
rule(0,0) :{O

. (1.3)

rule(L,o) = {O

wherea is the neighborhood occupation as defined by Eq. (1.2).

These rules ar@appealing because of their natutaunterparts: the need for
multiple parents to produce ehild; death from competitiomrising from overcrowding;
and the prospect of deafitom isolation (suggesting sonsert of cooperationrdances
survival). It is at least conceivablthat theserules could model somesimple,
androgynous, life form. (I don't claim that they do!)

Early investigations of this simulatidiocused on theliscovery andabeling of
"species”--local stable configurations oélls whichtended to arise spontaneously and
frequently. Some of these configuratiare shown below in Figure 1.2. Tgkder is a
particularly interestinganimal because it is capable of motion and hence, can transmit
information over large distancedthout degradation. It isesponsibldor much of the
interesting dynamics iGL. Researchers also foundyeder gun a configurationvhich
generates gliders at regular intervalswedl as apentadecathlonwhich canabsorb or
reflect gliders. These remarkable species tleglway to the discoverythat GL can
function as a univers@lomputer. This is remarkable because GLinseversible except

under exotic conditions, GL tends to lose information over time.



||
|| | 1] ||
(a) (b) (c) (d) (e)

Figure 1.2: Some common recurring species iBL: the block (a) is stable, as are

the beehive (b) and the loaf (c). Thelinker (d) oscillates with period two
(alternate configuration shown in grey) and theglider (e) moves onecell
diagonally in four time steps (shown in light grey, thedark grey cell is occupied

in both instances).

Later, researchers noticed that Ghd more interesting features than just the
complex animals whiclcould be produced; itsewy evolutionwas something of a
conundrum. For example, GL always seemed to stabilize tpaaticular steadystate
regardless of thenitial configuration. These states are characterized by an average
occupationdensity of roughly 3% and each h#®e samefrequency ofthe species
presented in Figure 1.2. Also, over theurse of its evolution, &nearly stable"
configuration could unexpectedly flatg, disrupting the entirsystem. Manyhours of
computertime have beespent, the world overyatching--in a semi-hypnotistate--the

intricate dynamics play out on a glowing phosphor screen.



Figure 1.3: Sample stable GL configuration on &56x% 256 lattice with periodic

boundaries.

1.3. Self-organized criticality

1.3.1. The critical state
Phase transitions, in the context of thermodynamics, are well undepstendmena. The
terminology oforder parametera dependentariable whichundergoes a "sharp" change,
andcontrol parameterthevariable which is smoothlgdjusted to produce the change, is
used toquantify the transition. In the case of first-order transitions (suaneisng) the
order parameter undergoesdscontinuity--it jumps to a new value.The jump is
accompanied by an absorption or liberation of energy (l&teat). Usually, fluctuations
within the substance can be ignored for first-order transitions.

To demystifythe abovedefinitions, consider @ot of water boiling at 1atm and

100 °C. If we choose temperature as the control parametedémsity couldplay the



role of the order parameteBelow 100 °C water is Bquid with a relatively high density.
Above this pointall the water is in thdorm of steamwhich has asignificantly lower
density. Atthe transition we observe fluctuations in fieem of small, uniform steam
bubbles. This is a first-order transition.

In contrast, second-order, ocritical, transitions are characterized by a
discontinuity in the derivativef the order parameter (sEgure 1.4). Further, near the
transition point, properties are dominated ibternal fluctuations orall scales. For
example, let us revisgur pot ofboiling water. Weraisethe pressure to 218 atm and the
temperature to 374 °C (theitical point ofwater). Again, we observe steabubbles but
in this case thdubbles exist orall scales--from microscopic to the size of phat itself

[12,p. §. Also, the density (but not its derivative) is continuous across the transition.

order order
parameter parameter

/

control control

parameter parameter
(a) (b)
Figure 1.4: Sample phase transitions. A first-order transition (a) is

characterized by a discontinuity inthe order parameter, while a second-order

(critical) transition (b) is discontinuous in the first derivative.

Near acritical point, manythermodynamigroperties obey dgergingpower laws.
Early studies of critical phenomena reveatbdt the characteristic exponents for the

power laws clustered arounlistinct valuedor avariety of systems. Thisuggested that



some of the features of separaiestems wre irrelevant --they belonged tbhe same
universality class Some of therrelevant variables in a universality clem® usually the
type of local interactionghe number ofnearest neighborst cetera On the othehand,
dimensionalityand symmetryfor example appear to be relevant variables--thatlsgnge
the number of dimensions dhe symnetry lawsand thesystem changes its clags may
even ceaseéeing critical). Critical systems witthe same relevamnariablesbut different
irrelevant variables havihe samecritical exponents andre said to belong tahe same
universality class. If GL can be determined to be criticalay bepossible to determine
to which universality class it belongmd hence, determimehich variablesare significant

and which are not.

1.3.2. Self-organization

Many natural systemgxhibit self-organizing behaviothe formation of waterways, the
network of neurons in theuman brain anthe evolution ofspeciesare someexamples.
All thesespatially extended systenase governed biocal interactions, yet thegroduce
interesting globaktructures. This is the essence of self-organizatiorSelf-organizing
systemsgenerate extreme anisotropy framtial randomness. Iontrast, a gaslso
interacts on a localevel but in this case the interactions serve to disperse any
inconsistencies, bringintpe system to equilibrium. Self-organized systeans soretimes
said to bdar from equilibrium

Often self-organization is calledntichaos[13] because it appears to reduce
entropy,violating the second law athermodynamics. In fact, this it thecase as all
systems exhibiting self-organizatiare driven by energy reservesFor example, the
process of evolution on earth driven primarily by radiant energy fromthe sun.
However, it is possible to construct artificial models for which there exists no analogue for
energy. Such systems can exhibit self-organization without an obvious source.wils we

see, this is the case for GL.

10



1.3.3. Self-organized criticality
Self-organized criticality (SOC) is a merging of the two concepts above. Unliketoé
water in theexampleabove, forwhich wehad to deliberately adjughe temperature and
pressure to reach theitical state, SOQohenomena automaticalppproach theritical
state withoutany fine-tuning ofexternal parameters. Although rntay seemrare and
surprising, SOCactually appears to béairly common innature. It is seen isystems
having self-similarfractal structures [14] and imlynamicswith 1/f (or flicker) noise.
Both these observed propertieave been poorlyinderstood in the past but now we
simply see them as manifestationstibé power lawbehavior seen in critical phenomena.
In fact, spontaneously occurritfiicker noise and fractadtructures are the temporal and
spatial fingerprints o650C seen in théght from quasars, théntensity ofsunspots, the
current through resistors, the sdtalv in an hourglassthe flow of rivers,stock market
fluctuations, cosmic structures and turbulencedii8 references therdin

Early studies explaine8OC in terms of conserved quantities [1,2]. In particular,

exact results werachievedfor a CA model of a sandpile in whictine height ofthe pile
obeyed a local conservation law. It was assuthaticonservation laws were integral to
SOC. Then Balet al. [3] argued that Glalso exhibited SOC. But, as weow, GL is
completely artificial, and obeys nknown conservation laws--local or global. It was
argued thatonservation wasot anecessary pragty of SOC. Buthen doubt was cast
upon whether GL was SOC aftalt. Bennett and Bourzutschky [4] suggestidt the
observed power law behavior was an artifact ofsthallsystem sizes explored in [3], and
on larger scales GL is actuaBubcritical Alstream and k&o [5] counteredarguingthat
the round-offs observed by [4] are boundary effects, and &-§iz¢ scaling analysis
demonstrates Gls critical. The issue istill notresolved. Since then, Henmgsson [6]

argued that thealiscrepancy in these results is abguct of using different boundary
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conditions and measuring different statisti¢$is resultsagree withthose of Bennett and
Bourzutschky, that GL is not SOC.

In this paper we will explore whether GL is critical and if thesaflicting analyses
can be reconciled. Weill also explore how GL responds to sowagiations of control

parameters: whether it moves closer to--or further from--SOC.
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2. Experimental Design

To study GL | needed a CA evolving progravhich was both fast and versatile. It must
be capable of handling a variety of boundary conditions; charnlgexdimensionality and
lattice size; recording either lattice configurations or just interesting statistics (to save disk
space); detecting and perturbing stable states; starting from either randgpectic
initial lattice configurations; and perhaps most importantly, it must be adaptable to future
unforeseen uses. Unfortunately, | couldt find any commercial or public domain
products that meall these requirements so | chose to designomig. The result is a
program | haveinimaginativelydubbedCellBot, the source code efhich is included in
Appendix A.

The source was coded on a personal computeringunder MS-DOS. It was
compiled and debugged dhe same computer with Borladduirbo Cversion2.01 and
later with Borland C++ versiod.02. When sufficientlybug free the source wa®rted
over to a Sun SparcStatigonning under UNIX where it was recompiled and further
testedwith Gnu C. Dataacquisition runs were performed on four separate SparcStations.
Both compilers comply with the ANSI C standard andrdsailtingsource codshould be
very portable. CellBot shouldompile andrun with any ANSI C compliant compiler in
virtually any operating environment.

Graphical interfaces which allothe user tovisualizethe CA as itevolves are
common among this type of prograowever, | found ihecessary téorgo this feature
for the sake of portability. Instead | chosentakethe data for avisual display available
by recordingall live cells in an ordinaryext file accessible by a graphiqgogram (I use
GnuPlot). One practical advantage this ha#ag it allows the user tdback up Many
CA (including GL) are time-irreversible: that is, multiple (degenerate) lattice
configurations can evolve tthe same particular configuration insangle time step.
Unlike someother products, this set-tgllowsthe user to travel back and forth through

the time line. Nevertheless, it would beratifying to have aeparateviewer program,
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optimized for each operating environmemthich directly read these datéiles and
graphicallyrepresented thgystem. It has been my personal experighaémanysubtle
bugscan be revealed ksimply watching thesystem evolve.For examplethe evolution
must obey theymmetries imposed lijie transition rules (Ghas a four-foldotation and
reflection symmetry)--watchinthe lattice break symetry constraints is theimplest way
of discoveringougsin the program. Perhaps the reader would be interesti@hoping

a viewer.

2.1. CA Subrules

CellBot can apply two separate subrules in each steéiped®A's evolution. The first is

the standardocal CA rule, mentioned above the Introductionapplied synchronously.
The secondnspired by epidemic models [16], describthg motion ofindividual cells, is

applied sequentially.

2.1.1. Standard CA subrule

This subrule is described the Introduction and Eg. (1.1). As it stands, CellBoly
accepts totalistic rules of therm given inEq. (1.3). lhave adde@neminor extension,
however. Eacltell is selected for updating with sonpeobability s, which is defined in
the rulefile. If s=1 then thesystem is synchronoubut ass approaches zere@wer and
fewer cells are updated in each round. In theit s - 0, we effectively have a
completely asynchronous system.

We cancall the evolution asynchronous if meighboring cellsare updated in the
same timestep. Theprobability of a specific celand any of its [J| neighborsbeing

updated is given by the standard binomial expansion:

14



Pr(cell & neighborsy s% ('?')si L- sy

1=1

(2.1)
ogs®

for smalls. This is truefor all of the N cells inthe system. If, on averagéss than one

synchronous updateccurs pertime step then thesystem is effectively asynchronous.

This suggests the system is effectively asynchronosis .. where

sync

_ B
Sasync_ N (22)

Let us consider as axample GL [J]=8) on a 258256 lattice. Then, the evolution
should be effectively the same as a completely asynchronous systenf,. = 0.01105
However, itwill be much nore efficient than a truly asynchronous evolution because, on
average, 724ells will beupdatedwith eachstep. We must beareful with terminology
here: the rulatself is deterministicas discussed in Section 1.1, however, because it is not

applied uniformly, the global evolution may not be determinisssif.

2.1.2. Mixing subrule
The second subrule allowthe extension of CellBot to populatianodels where the
motion of theindividuals is anmportant factor in theglobal evolution such aspidemic
models [16] and populatiodynamics models [17]. After the standard CAsubrule is
applied a fractionm, of live sites argandomly moved to new (previousigad positions.
Each cell can be moved only once.
The new position isandomly selected fromll sites whichlie within adistanceR

for each degree of freedonNote thisrestriction generates @bic bounding boxather

than a spherical shell so that the number of available sites is
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I :(ZRn+])d (2.3)
whered is thedimensionality ofthe lattice(assumingthere is no interferencigom the
boundaries). In this way, range of motion can be smoothly extendedshrortirange
(R, =1) tolong-range(R, = L, the length scale of the lattice).

CellBot allowsfor two methods ofmoving a cell. The first methodsimply uses a
uniform deviate tqump to arandom new locatiowithin the abovementioned region. It
is computationally efficienbut may not describe natural motion very well. Occupied or
out-of-bounds sites aneot allowed, if anillegal site is chosen a new site ismdamly
chosen. Note that theoriginal site may beselected resulting in aull move. It is
important to consider under what circumstances this effect becomes relevamgnor
dominant. Theprobability of an illegakite being chosen iany singleattempt is just the

average occupation density, (neglecting boundary effects). Tipeobability of anull

move on each attempt-5- and theprobability ofi failed moves followed by aull move

is &=(1-)'c’. Hence, theeffective mixing fraction is scalediown by the fraction of

null moves:

LR IR

=0

= m[l—;_}
N,@-T)+T

by the geometric series. As arample, let us consider GIC € 0.03) with short-range

(2.4)

mixing (N, =9). In this casen/;™ [J0.885m.

The other method ahixing uses a random walk d®, steps. In eacktep a new
site in the currengite's neighborhood], is chosen.Note thatCellBot allowsthe user to
configure the neighborhood iany way, the sites needot even be contiguous or
symmetric. Thisfact, and the facthat the probabilities for motion in orthogonal
directions arenot independent, make this random walk probldifiicult to analyze.

Hence, we makehe leap of faiththat theresults for theparadigmatic one-dimensional
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random walk problem [18pp. 7-24 apply hkere as well. This tells ukhe root-mean-
square distance traveled in a random walk is proportiontiegaoot of thenumber of

steps so we can determine theeragedistance a cell will be moved:

dn™ = KOV R, (2.5)
where we define the average distance moved in a single step as
1-C
ep(C) = X (2.6)
°r |D| + 1xED 0)

The1-C factorarises becausecgll will not move into an already occupied site, and the

denominator is incremented mne because theull move is allowed. For GL this

definition givesr,,(0.03) = 1 0408

The classicarandom walk also predicthat theprobability distributiorwill have a
Gaussian form with &/2mo) ™ prefactor where the standard deviationjs equal to the
root-mean-square distance travelled. Tnebability of nonet movement is just this
prefactor so we can estimate th#ective mixing fraction by scaling itdown by the

probability that no net movement occurs:

—— n{l_m] 2.7)

Of course, this estimate needs to be taken with a grain of salt, and maseacal vorth
in itself. A better result would be obtained bgterminingthe probability distribution
explicitly for the particular geometry onsishes tostudy. However, thisnformation
would be of minimal use in this paper so it is left as an eeerfor the reader. (I've
always wanted to say that!)

The random walk methaghay seem preferable because it seems more natural, but
there are insinces whethe jump method is preferred. Fexamplethe average diahce

moved via the jump method forlong-range mixing on asquare lattice of sidé& is

dm =2 | = To achieve this range with the walk method would require
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9rs'[e p(C)

or, on a 258256 lattice, 14,564 stepsObviously, thiswould greatly reduce program

R, = (2.8)

performance. The random walk method is best suited to shorter-range motion.

In both cases above, the results alightly complicated by the facthat the
dynamicsand hencéhe average occupatiaensity, depend otne mixing fraction,m, so
that € =c(m), as we willsee in the next section. Hence, themerical values ofm,,
given may benaccurate. However, this ot aserious problem as can be determined
experimentallyand theresulting values used ithe aboveformulas. Also, in the
derivations we assumed uniform probability densities whekneg GL exhibits extreme
spatial inhomogeneity. As waill see,though, mixing hasthe effect of randomizing the

distribution and inducing uniform probabilities, so this should be validhfarO.

2.2. Boundaries

Computermodelsare obviously incapable of modelling systemstire thermodynamic
limit--finite boundaries mustlways be imposedHowever, often by choosing appropriate
boundary conditions edge effects cambéified. For example, by applyingeriodic (or
toroidal) boundaries the evolutiosembleghe infinite systemprovided the correlation
length does notexceed thesize of the system. Unfortunatelythe correlationlength
diverges at a criticghoint. Hence, theynamicsare dominated by edgdfectsproduced

by fluctuations which span the lattice. Knowing GL might be critical it was very important
to have a great deal of control over boundaries in CellBot.

For this reason | choset touse an obvious arrastructure for theattice space,
but rather CellBostores thenformationfor eachlive cell in ahash table[19]. A hash
table is astructuremuch like alist except that it i®ptimized for speed. The hatdble
allocates and frees memadlynamically sathe only constraint on system sizeimmposed

by physical memory. Thigthniqgue makes it easy to configure different system sizes for
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each run, and in fact, evéime dimensionalitycan be configuredFor sparséattices (as in
GL), this design also offers a performance advantage because ¢elleneed to be
updated in eachtep of a run. Note that tledoice of rules in CellBot is constrained by
this design. Since CellBot ignordesad sites witlall dead neighbors it isnperativethat
the transition rule maps these configurations to dead.

Boundaries aremposedartificially by insertingthe appropriateells beyond the
bounds of thesystem before eadlpdate. In the curremersion of CellBot, boundaries
are simply defined by minimum and maximum coordinates(inclusive). A variety of
boundary types can be chosen and even intermiked.example, periodic boundaries in
one dimension can benixed with reflective boundaries imnother (see Figure 2.1).
Corner disputes armmanaged by assigning priorities tiee various boundaries; tiside
with the highest priority imposes its boundary type e corner. CurrentlyCellBot
supports cold (altells beyondborder aredead, hot (afraction, h, of cell's beyond the

border aralive), periodic, reflective, and even no boundaries.
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periodic none

periodic periodic periodic periodic
periodic reflective
(a) (b)
cold ‘ cold ‘
hot cold none none
cold ‘ cold ‘

(c) (d)

Figure 2.1: Sample boundary conditions on a two-dimensional lattic

D

demonstrate CellBot's versatility: periodic boundaries (a), bin with reflective

bottom (b), heat source from side (c), and peep-hole (d).

That boundariesan be eliminatedltogether greatlgnhances CellBot's potential.
Systems cagrow or decline as they evolweithout beingdistorted byany edge effects.
Of course, if thesystemgrows too large the sheenumber of cellswill overload the
computer's memory. In theotle system size is also constrainedthg capcity of the
integerdata type. Coordinates dedelled withintegers so whethe positions reach the
limits of this data type (2 on PCs and % on SparcStations) thegre subject to the
computer's overfloverror. Inpractice | have founthat PCsand SparcStations respond

by wrapping the integers to the extreme opposdee. Hence, on theseachines "no
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boundaries'effectively meangeriodic boundaries with a length scale b£65536 and
L=4294967296, respectively. My data-gathering runsrewall performed on
SparcStations at a rate on the order of ten time steps per second. At this rate, the effect of
the boundaries would not be felt for some ten years, well beyond the period of this project,
making this system effectively infinite.

When implementing differertoundary combinations it is best if unbounded edges
receivethe lowest priority (as in Figure ZH)). A bug in the progranmay prevent
submissivehot, periodic, and reflective boundary types frdoehaving inthe expected
manner along these edges. One could nogxXample, impose boundaries simulating two
large reserves separated bynaall peep-holelike that inFigure 2.1d), unless it wasvith
cold boundaries.

CellBot is biasedowards rectanguldattices by the boundary condition$Vhen
studying other geometrieslike triangular neighborhoods, it is besbt to impose
boundaries for fear of introducing some artifact of thes (see Figure 2.2). In particular,
periodic boundariewill behave verpoorly, associatingells onopposite edges witkites
the usermay not expect. This defect isnot a problem here, because GL lies on a

rectangular lattice, but it should be remedied for future research.
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Figure 2.2: Example of rectangular bias imposed by boundaries (thicklack
lines) on a triangular lattice. The central cell (blackdot) is surrounded by six

neighbors (grey dots).

2.3. Perturbations
CellBot was generally designed around the following sequence of events:
(A) generate random configuration;
(B) apply boundary constraints;
(C) advance lattice;
(D)record relevant information;
(E) if stable then perturb; and
(F) repeat steps (B) through (E) until stop requested.

As we have already seen CellBot can handledinpleloop and agreatdeal more. At

this point | wouldlike to discusghe particulars oStep (E). First, we need to understand

what stability is and how it is recognized.

As an avalanche pass#wough a region, iteaves in itswake simple stable or

periodic specie$ike thoseseen in Figure 1.2. Whehe avalanche has completely died,

the entire lattice is occupied with themaimals. Assuch, the lattice as a whole, is in a
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periodic pattern. Wecall such a configuration stable. In practioaturally occurring
configurations tend to have very short periods, typically from two to six time steps.

To detectstablestates onaisuallyuses anoving window to corpare the current

lattice withthose for the lasp,, time steps. This allowsfor the detection operiodic

configurations with periods up tp,... Thismethod suffers frontwo drawbacksfirstly,

the memory consumed the storage of thattice historymay be enanous. Secondly,
comparing two lattices for a match site-by-site wowsidnificantly reduce system
performance. | chose to ingohent a slightly differenmethod. Instead of anoving
window of lattice configurations,rerelystore, in anoving wndow, a particular statistic
which is very sensitive tthe latticestate. It is important that trstatistic of choice is not
easily reproducible by different configurations order to minimize the chance of the
program erroneouslgeclaringthe lattice stable. Further, the history contains ladse
2p,.. values of the statistic and requires the entire sequence to matchaukfitteng the
lattice is stable. The chance ofadse positive iiegligible (I havenever encountered one

in any test runs). | have chosen for the statistiattiity of the lattice, defined as

(9= Y4, - g, t1) (2.9)

which is justthe count ofbirths and deathg/hich occurred in the last transition. This
quantity is computed by the program anyway, so it requires no extra computer time.
One consequence of using activity to deternstadility isthat gliders can escape
detection. Since they translatene sitediagonally infour time steps,gliders are not
strictly periodic. Nevertheless, faranysituations, one woultike to consider them just
that. Forexample, if a glider is traveling away fraitme general population in a direction
which isunbounded, itnay well conthue forever. Astability detectionscheme which did
not account for thipossibility would generate amfinite loop, never declaringhe lattice
stable. Since gliders, have a periodic actiebyint, howeverthey are determined to be

stable with my method, avoiding this trap.
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Once CellBot determines a configuration is stable, it tries to incite activity by
perturbing asinglesite. The site can be eithéeador alive, the perturbationslips it to
the contrary state. The result is amalanche ashe lattice tries to recovdrom the
disturbance. The perturbation site is recorded i#tafile. Actually, perturbations can
be applied at regular intervalst justafter thesystem has stabilized. Tladter choice is
equivalent to setting the perturbation rate to zero.

As mentioned abovehe perturbationgmplementedare of theform of a reversal
of a singlesite. Otherkinds of perturbationsmay beuseful, as well. For example,
constructing gliders ansending themnto thesystem provides a method pérturbation
which hasthe advantage afonforming to GL's rules. Ainglesite perturbation violates
these rules by spontaneously creating or destroyiogila A glider,however, could be
interpreted agoming from asource at aery large distance, hence, it is consistent with
GL's rules. It imnot clear whether this oothertypes of perturbations woulsodify the
dynamics, but they are not implemented in this version of CellBot.

Perturbations will be discussed in more detail in Se&iari.
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3. Finite-size scaling

3.1. Introduction
Science in general, is dividedto a number of subjects. At firkiok these subjects may
seem unrelated: physics is distinct from biology which is distinct from chenestrgtera
A Dbetter interpretation, however, perhapgy view the separatefields as layers
surrounding a central core--like tlegyers of an onion. These layarse separated by
complexity barriersAt the cordie the "theories oéverything" whichattempt todescribe
all the fundamental interactions in physic®erhaps the nexhell contains the Standard
Model of sub-atomic particles. Beyond this we find chemistry, dealing attttns and
molecules. Jumping tthe nextlayer we might find biochemistrghe study ofcomplex
molecules likeproteins and howhey interact. Continuing oour biological bent, we
expect to findcellular biology andthe study ofunicellular organisms. Thiyering
interpretation can be extend&ubefinitely to include(almost) all science. But what
separates thesayers? The answer isomplexity While in principle itmay bepossible to
describe biomoleculgrocesses in terms of quarks and gluons, in practicénipisssible
because of the sheeolume of interacting particles which make up epattein. Having
a "theory ofcomplexity" which allowsone toreliably extend thebasic principles of a
fundamentaltheory to a higherlevel, at least in isolatecdcases, could bevery
advantageousAny such theory would serve adirsk between theories on two successive
levels, and by verifying a known phenomenon, would strengthen both theories.

One may wonderwhy we are interested in GL all. It has no basis in reality.
While it is true GLgenerates interestingynamicalpatterns it doesntell us anything
aboutourselves or the world around us. Or d@@s GL is an example of a complex
system arising frorsimple localinteractions. There araanynatural phenomena with the
same criteria. Perhaps, if we can make some headway in exploring GL then the techniques

we discover can be adapted to mooenplex natural systems. GL can serve &ésras
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test for theories of complexity--bo#imalytictheories and computsemulations. Until we
have made some headwaytlire investigation ofthe Game of Lifewe cannot expect to
understand the complexities of life.

In essence, GL isimply amany-body system with locahteractions. There are
manyexact and approximate methodssofving many-body problems sme may suspect
that analysiswould be afairly simple procedure. However, on closspection we see
thatmany ofthe tools ahandareinapplicablefor oneinsurmountable reason another.
One of the main problems for analysis is the lack of a local conservation lawantipdes
model was solved exactlya renormalization-group calculations precisely because of the
local conservation law [2].Further, with a conserved quantity it would pessible to
construct dree energy and a Hamiltonian. This would greatly enh#reeange of tools
at our dsposal. Othepeculiarities of GL (likethe fact that it isdeterministic, not
stochasticjnvalidateother potential tools. The mosuccessful methofibr studying GL
has been to seardbr the characteristipower lawbehavior of thermodynamic quantities
near a critical point.

Justlike the pot of boiling water at thecritical point hadbubbled ofall sizes,
critical systemare characterized by eventsatifsizes. The frequency distribution of these
events scales aspawer law of thesize. Ondairly simpleway to determine if a system is
critical is by directly searchinfpr the characteristipowerlaw behavior in some global
quantity of thesystem. Waewill apply this asour first angle ofattack. Asimple and
effective quantity to explore in GL the size of an avalanch@r time required to re-
stabilize) arising from a perturbation. The basic algorithm runs as follows:

(A)randomly seed lattice, wait for stabilization;
(B) perturb lattice and wait for re-stabilization;
(C) record stabilization time;

(D)repeat (B) and (C) until sufficient statistical population acquired.
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When agoodstatisticaldata sehas been collectethie points are grouped by size and the

resulting distribution is compared to the suspected power law.

3.2. Considerations
At this point itmay seem a simple pcedure tomake a few thousand runget anice
statistical distribution, and test tlmwer law distribution,but in fact, there are a few

details which first require our attention.

3.2.1. Perturbations
We must be carefuhe nature of thelynamicsdoes notarise fromthe particulars of the
perturbation algorithmbut from some intrinsic progrty of thesystem itself. Following
example [3,20,4,5,6], we implemgmerturbations by choosing a random site #ipgding
its state frondeadto alive or vice versa.

There argwo points of consideration hereFirstly, noticethat GL has a lattice
occupancy ofibout 3%. If wechoseour perturbation siteompletely randomly then the
chance of choosing @ead zonda deadsite surrounded ball deadneighbors) is roughly
0.97 00 76 But GL's rules tell us such a perturbation will result flipafail (the lattice
immediatelyreverts back to itsriginal configuration) andhe avalanchewill be recorded
as having lifetimeonetime step. Thiswill not adversely affecthe shape of thiequency
distribution, but it will produce a large spike at the low end, completely obsamytgue
data foravalanches of sizene. Hence, it would bheecessary to ignotée low end when
analyzingthe distribution. Thenly real problenhere isthat thisleaves us with only 24%
of our original data foranalysis. Itwould be moreefficient if we could choose our
perturbation sites moreffectively in order to minimize flip-fails. This is what | have
done. | choose a perturbation sitem a list ofall live cellsand those sites in their

collective neighborhood. This guaranttbe perturbation sitevill always have at least
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onelive cell inits neighborhood--generating roughly a four-fold increase in productive
data.

The second issue of concern also relateshto location of the perturbations.
There is goossibility that theevolution of an avalanche dependstea depth of théocus
within a cluster. Tatis, perturbations othe surface of a clustenay evolve differently
than perturbationw/ithin the body. To test this | compared tlietimes of avalanches to
their locus, the perturbation site. To avoid boundfgcts | analyzedlatafrom a GL
run thatlacked boundaries (see Section 3.12 for nu@ils on thigun). Plotting the
lifetimes of perturbations against thadial distance othe perturbation sitebom the
center of mass, a flihe would indicatethat theavalanche dynamicsexe independent of
the depth of the perturbation site. Of course, suspeittatgsL may becritical we know
that theremay be darge deviation in avalanche sizes, ef@nvery similarperturbations.
Indeed this is what the plaevealed so | needed a smoothing technybeeh would
reveal the underlying average behavior. | chose to us@uwmericalintegrationwhich
smoothegsicely, but hasthe effect of converting flalinesinto straightineswith non-zero
slopes. The results are shown in Figure 3.1. xFarisrepresents theadial distance of
the perturbation sitérom the center ofmass scaled bthe characteristitength of the
system,L (defined in Sectior3.12.1), and they-axis represents thentegral of the
perturbationlifetimes. Notice that, for perturbationsithin about 1Q of the center the
plot fits a straightline fairly well suggestinghat, in thisregion, avalancheynamics are
independent of the perturbation site--there i appear to beny surface effects
complicating the picture. (It appears thatdoalanches very netre center, witin 0.3,
there is aslight decrease imvalanche activity. It is unclearhether this is aignificant
effect orsimply astatistical fluctuation. Imany case, theleviation is slight, so will call

no further notice to it.)
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Figure 3.1: Numerical integral of avalanche lifetimes plotted against radia
distance of locus from center of mass. Distances are scaledtite characteristic
size ofthe system. Theelatively straight line in (a) indicates avalanchdifetimes
do not depend on the perturbation site, at least up to thsize ofthe system. On
scales much larger than the system (b) avalanches do appear to be affected by the

perturbation site, but the results are not statistically reliable.

Beyond this length scale, howevehe figure impliesthere are someurface
effects. This isnot necessarilythe case as the results in this region stegistically
unreliable. Most live cellsreside in clusters near (within radiuy of the center. Hence,
perturbationsusing the method described abowell occur with dropping frequency
beyondthe system size.For \ery large radithe perturbations arfew and far between.
More data pointsnay smoothout the plot shown irFigure 3.1(b)or, onthe otherhand,
they may reveal more interestindynamics. Perhaps this area is worth furthstudy but

most of the systems studied in this paper will be bounded so | will leave it be.
3.2.2. Transient length

When stating a run the lattice imitially seeded with a random populati@rsually with

density0.5). Thesystem evolves to a staldtateand is perturbed atsinglesite. As the
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process is repeated, thgstem evolves into a statistically stationstgte ,which does not
depend on thdnitial configuration. The properties of thetate are the object of our
investigations. As such we must consitle possibility of atransientan intermediate
behavior asthe system slowlyobscures information regardirthe initial configuration
(remember, GL isirreversiblg. Some artifact of the seeshay remainfor many
perturbations after. Faxamplethe spatial distribution of specienay be nore uniform
initially, but become more clustered in teatistically stationaryimit. When analyzing
GL we would like to skip the polluted data from thisnsient period

If there is a transient period it should ddeservable by looking ahe evolution of
some statistical propertforder parameter) of the runFigure 3.2 shows the temporal
(measured by theumber ofperturbations) evolution of theumber oflive sites. The raw
data is smootheda a "moving wndow average" invhich eachpoint is average with the
first 128 points on either side. THigure suggestshat there is ndransient period,
whatsoever. Thas, the system reaches its liimg behaviorimmediatelyupon settling
downfrom theinitial seed. This isgood newsecause it mearadl of our acquireddata is

available for analysis.
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Figure 3.2: Demonstrationthat GL exhibits no transient behavior.

show the evolution of the number of livecells over time (perturbations). The line

Resultsare for a

represents a moving window average owidth 257 points.

128x 128periodic lattice.

Critical exponents: variable-width bins

3.3.

As mentioned above, we are

We are now in a position to test GL fortical behavior.

interested in thdrequency distribution of avalanche lifetimes, If GL is SOC the

frequencies of lifetimes should decay via a power law with the lifetimes

(3.1)

D(t) Ot°

whereb is called acritical exponent (We expecb<0.) The powetaw behavior can be

seen by plotting the distribution on a log-log graphthed the power law imapped to a

straightline with a slopeb. For statistically stable results greatdeal ofdata points is
31



required. | found a typical run containiten thousan@valanchegroduces aufficiently
smooth distribution. In the following runs | employed periodic boundary conditions.

Such a run is plotted below in Figure 3.3. Notice the long tail for large avalanches.
These points represeaktremely large avalanches whiolscur veryrarely (each has a
frequencycount of one). The raw plot exaggerates these fedbaesise it neglects the
fact that these points are very sparse and are separated by countdrefjperay (which
are mapped to negativefinity on this graph). To deriveaneaningfulresults fromthis

region we need to apply some sort of averaging technique.

1
4
o1f °°f
¢ 3
9 o%

0.01

O 0.001 }

0.0001 ¢

1le-05 : :
1 10 100 1000 10000
t
Figure 3.3: Example of a (normalized) raw frequency distribution. The long tail
introduces a bias which would influence the critical exponent in an attempted
power law fit. This data comes from al28x 128lattice with periodic boundaries.
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One common way of averagitige results is by groupingeighboring values into
fixed-width bins suclthateachbin contains acount of ateast one.This does smooth the
tail but verelyobscures the data femalland intermediate avalanches. Basedhis
method, | have developedsanple nethod thafpreserves the precision in this region and

also accurately smoothesitthetail end.. The trick is to useariable-width bins, each of

which containonly one data pointx y .) Thei'th bin is scaled bythe width of thebin,

W,

b= vyv— (3.2)
where

_ X~ X
A L S o § 3.3
W = (3.3)

is the distance between tlmalfway points before and after the current point. This

effectively averagesy, with the surrounding “zeroes". Thedfect is demonstrated in

Figure 3.4, below.

®*o 6 o6 o 2 HHOOOO 2
= = 0 [l 0o . o

(a) (b)

Figure 3.4: Demonstration of two methods of grouping data (points) into bins

(bars). Constant-width bins (a) don'twork well with irregularly sampled data,

losing significant information. Variable-width bins (b), however, preserve the

tightly packed region as well as accurately smoothing the sparse region.
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Using this groupingnethod on the data iRigure 3.3 revealshe distribution's
underlyingpower lawbehavior(dots inFigure 3.5). The graph also showsine which
represents the data smootheith a low-pass Savitsky-Golay smoothing filter [7]. This
filter fits each data point and the nearest 32 points on either sideotgn@mial ofdegree
one (a straight line) via a linear least-squares fit on the log-log graph . Fitting this curve to
a straightine onthe log-logscalemayimpose an artificial biagowards a powelaw so
the resulting smoothedlata is usedsubsequently onlyfor graphing purposes. For

calculations the binned (but not smoothed) data is used.

0.1F

0.01 f

0.001 ¢

0.0001 f

distribution, D(t)

le-05 F

1le-06 F

le-07

1 10 100 1000 10000
lifetime, t

Figure 3.5: Binned lifetime distribution for 128x 128periodic system (see Figure
3.3). The linerepresentsthe smoothed data using a Savitsky-Golay (32,32,1)

filter. Notice the drop-off for large avalanches.

Notice, contrary to the raw plot (Figure 3.3), there appears tadbeay from the
power lawbehavior at large time scales. This deviation has been obserotieby [5,6]
and is central to thproblem of whether GL is critical. As such | am confident itas an

artifact of my averaging method. At this point we assthgdeviation is due to the
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relatively smallattices explored. To estimate the bestverlaw fit, then we must ignore
the tail, discarding>1000.

We also expect thextremelysmalltime scales to cause problems. At thisle
the discreteness of thiene stepsmay interfere with the natural distributions lifetimes.
Hence, as a precaution, we also disciath for t<20. As it stands, trshould make little
difference in the calculations, as these are only 20 points out of some thousands.

Barring these constraints, the plot does indeed seem to fit a power law distribution.
The only other point to consider is that thesults shown are for @inglerun on a lattice
with a particular length. If GL is criticahe above results should hold true for any
reasonably sized lattice, afuither, the power law parametesisould be independent of
the lattice size. To test thissaries of runs withiffering lengths vereanalyzed and the
results are shown in tHeggure below. Indeedthe data does appear ¢onform with a
power lawdistribution, at least withirthe rangementioned above. In this region the

average critical exponent (see Eg. (3.1)) is estimated bo=bel. 175+ Q 012
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Figure 3.6: Overlapping plot of lifetime distributions for L x L periodic lattices.
The data has been smoothed with a Savitsky-Golay smoothiridter (32,32,1).

The average power law fit critical exponent (computed between t=20 and t=1000)

is b=-1.175-6.012.

Two previousmeasures of this quantity gake= -1 6 [3] andb=-141[5]. Itis
odd thatnone of these valuegyreevery closely. ltappears Balkt al.[3] did not exclude
either the low end of the distributiowhich ispolluted by discreteness, or thigh end of
the distribution,which is polluted by finite-size effects, when estimating theitical
exponent. Further, thegnly explored lattices with cold boundaries up to %50 ,150
which may suffer from extremecorrections toscaling. Thismay account for the
discrepancy seen with their result. Alstrgm amdid [5], however, corrected for both
aberrations and theestedlattices up to 1024 1024 Theonly difference ighat they,
too, applied cold boundarie®ut | am hesitant to attribute thikfference inour critical
exponents to this factThis discrepancy hintethat sonething deepemay beoccurring,

and it led me to apply another method for determining the critical exponents.
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3.4. Critical exponents: cumulative distribution

The disagreement noted above suggested that there may be a flaw in my technique. It was
first suspectedhat theproblems arised from a nuisangarameter in the fitWhen fitting

the binneddata to a power-law there are thregiables which must badjusted toget a

goodfit: the critical exponenislope,b), the normalizationfactor -intercept), and the
high-end cutoff (which weet to 1000). Of these we ayely interested in the exponent,

b. The othewariablesare termedhuisance parameterbecause they must be properly
adjusted when fittingbut are discarded afterwards. Becausaaael involving fewer
adjustable parameters is considered to have wabidity, nuisanceparametersmpair the
confidence one has in a model.

It was proposed that theormalizationfactor, anuisanceparameter,may be
unduly influencingthe parameter of interest, tlogitical exponent. Forexample, the
normalizationfactor may beestimatedoo small,decreasing the estimated slope. (In fact
we will discover theproblem lies elsewhere, bnly want to relay the historical
development of the new method here.) Ipassible to discarthe normalizationfactor
with a simple adjustment: instead analyzingthe lifetime distribution, we analyze the

cumulative distribution of lifetimesC(t). The cumulative distribution defined as the

fraction of avalanchdarger than (or equal to) some lifetimie,

(=Y D(t). (3.4)

=
By this definition, C(1) =1 becauseD(t) is normalized. Hence, we hagkminated one
of the nuisance parameters by setting itolwe. Another advantage of workimgth the
cumulative distribution ishat it acts as amoothing function, reducing thwise seen in
theoriginal distribution. Further, thecumulative distribution is compiled frothe original
data (seeFigure 3.3),not the binned data which hascome under suspicion. These

attributes make the cumulative distribution an ideal candidate for analysis.
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3.4.1. Finite-scaling preview
In the following analysisthe determination of theritical exponent is integratedith
estimation of finite-size effects. It is necessaryntooduce the reader to the concept of
finite-size scaling. We assurtiee distribution ofiifetimes inthe finite system(Eq. (3.1)

represents the infinite system) can be written as

q“”“”ﬁ%kuﬁ (3.5)

wheref, the scaling function obeysf(x) — 1 for x<<1 and f(x) - 0 for x>>1. This
form wasoriginally hypothesized in 1969 ariths been usesliccessfully in mangases to

extrapolate systems near a critical point §h2l references therdin Thecritical lifetime,

t., which depends on theystem lengthl, represents thavalanche size abowehich

dynamicsare dominated by firetsize effectboundaries). (The assumption tisat
longer-lasting avalanches are more likely to interact with the boundaries.)

The cumulative distribution, then, also obeys a finite-scaling law of the form

qo:ww%%% (3.6)

where the scaling functiorisandg obey the relation

f(X)O@A+b)g X+ xd( 3. (3.7)
Notice theequality symbol inEq. (3.6), indicating we have eliminatethe nuignce
parameter. Without loss generality (becaughe scaling function is strictly positive) we
can writeg as an exponential:
g(x) = €™, (3.8)
The goal is tdit the data to theimplest possible form df. To determinghe form of h
we expand it in a Taylor polynomial:
h(X)=h + h x.... (3.9)

But we know, from the restrictio@(1) =1, thath, = 0.
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We wish to fitthe cumulative distribution tahe finite-scaling lawwhere the
scaling function has thlerm indicated above. As mentioned above, we prefer to have the
fewest possible parametersoar model. As a firsattempt, then, we truncate thaylor
expansion athefirst order @gpparently)giving usthreeadjustable parameterk;, t., and
b. From the fitting function,

C(t) = tHoe® (3.10)
however, we see thalt, and t, are indistinguishable, so ifact we haveonly two
adjustable parametetsand h,/t,. We can apply an artifici@onstraint tadistinguish the
latter of these parameters. Famsistency wehooseh = -1 so thatt, will be strictly

positive (we expecth(x) - —« for largex). In this way,t. indicates the range over

which the power law is valid.

By working with the cumulative distribution we haredluced th@umber of fitting
parameters fronthree totwo, eliminating the nuisanceparameter. Shown below is a
sample fit of the predicted curve to thiemulative distributiordata for al28x 128 lattice
with periodic boundaries. The fitted parameters lare-1.378544 and t. =1792 96
The high quality ofthe fit is encouraging, isuggests we daot need to considenigher
order terms in the Taylor expansion of the scaling function.

The other runéit equally well to this form having aaverage power law exponent
b=-1371+ Q008 Note thisagreesmuch nore favourably with Alstrem and Leao's
result of b=-141 [5] but differs markedly with my previous estimate of
b=-1175+ Q012 Which of these two results is correctaVhy? These burning

guestions will be answered in the next section.
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Figure 3.7: Cumulative distribution of lifetimes for GL on a periodic 128x 128
lattice. The best fit curve has a power law behavior below, =1792 96 with an
exponent 1-b where b=-1.378544.

3.5.  Critical exponents: conclusion
The realizatiorthat thecumulative distribution fitsvell to the aboveform of a scaling
function was afortunate coincidence. Noticethat applying thisform to the original
distribution would require higher termstime Taylorexpansiordue to therelationship in
Eq. (3.7). In fact, this relationship predicts sooul behavior forthe original lifetime
distribution. Theanalytical derivative othe cumulative distributionsuggests that the
original distribution scales like

D(t) = t°(+ ~b-1)e* (3.11)

or, in terms of the scaling function,
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The linear factor in thescaling function ounters the drop-off produced by tecaying
exponential, generating faump near t, (see thefigure below). This is very unusual
behavior for ascaling function. Traditionally, wexpect thdunction to be monotonically

decreasing fromone to zero. Nevertheless, itstill satisfies the scaling function
requirement that at — o, f converges to one for 4l

10 ¢
1
g o1}
[o] [
3
0.01 - - -
1 10 100 1000 10000
lifetime, t
Figure 3.8: Weight of finite-scaling function of original lifetime distribution, f,
with model parameters b=-1378544 and t,=179296 (corresponding to
periodic 128x 128run). Note thehumpnear t..

The effect ofthe rise in the scaling function is taartificially inflate the lifetime

distribution, neart_, above the true powdaw. Hence, fittingthe raw data to a power

law while not taking this factor into accountill result in an erroneousitical exponent.

Now we understand this as the source of thecrepancy inthe two measures of the
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critical exponent. When we originally fitthe binned distribution to g@ower lawwith a
cut-off we didnot expect this unusual behavior frdime scaling functiorand, as a result,
estimated too small an exponent. We conclhdé the correct powdaw exponent is the
latter estimate ob = -1.371+ Q 008 in agreement with Alstrgm and Le&o's result.
Having establishethe properform of the scaling function we can cquare the
binneddata(which generatedur first, inaccurate measure bf to the predicted curve in
Eq. (3.11). The use ofariable-width bins came under suspicion when we observed the
disparity inour results. The figure below redeeth®e methodshowing a vengoodfit.
This confirmsthat the source of error liesnly with the unusual form ofthe scaling
function observed aboveNote that,given the variance ofthe distribution, it isvery
difficult to be sure of one'snodel and fitted parameters. To@mulative distribution, on
the otherthand, smoothes tre#ataand reduces theoise level, giving a mucstricter data
set and making it easier to teghe validity of potential models. Wwill discuss the

variance (noise) of the distribution further in Section 3.8.
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Figure 3.9: Binned lifetime distribution for 128x 128 lattice with periodic

boundaries. The curve representshe predicted distribution derived from the

cumulative distribution.

3.6. Finite-scaling analysis

As stated in thaitle of this thesis ware interested in GL in thldermodynamic limit, as
the system size increases to infinity. €jurse, it igmpossible to actuallknow how the
infinite lattice would evolvebut it may bepossible toextrapolate thebehavior from
increasinglylarger finite systems. Inparticular, we are curious whether tkealing

function (seeEgs. (3.5) and (3.6plays a smaller role @be systemgrows. This can be

easily determined by measuring how the critical lifetitpescales with.. We ardooking
for a trend int, asL approaches infinity. Traditionallyinite-scaling analyses of critical

phenomena reve#éthat thequantity of interest (criticdifetime) scales as power law of

the system size [1pp. 20-1:
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t. OL (3.13)
wherez is calledthe finite-scalingexponent. Hence, thealing functionf, approaches
one for allt asL increases.

The results for square, periodic lattices of various lengtipdoised below. It

appears that GL scales for smalfwith scalingexponentz = 0.355+ Q 013 but stabilizes
at t. =1981+ 17 ad increases g@st 181. This suggests that thisonfiguration probably

has a correlation length=181 below whichthe dynamicsare dominated by edg#fects,

but abovewhich boundariegplay a minimalrole. Having onlyone data point above the
transition makesmpossible taextrapolate théehavior withanydegree ofeliability. It is
possiblethat above the transition, theitical lifetime againscales withL but has amuch
smaller scalingexponent. More data is required positively identify the large-scale
behavior. | am currently collecting furthéata on larger lattices, but the results were not

available in time for this paper.
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Figure 3.10: Finite-size scaling plotffor GL on a square lattice with periodic
boundaries. The finite-scaling exponent fosmall L is z=0.355+ Q 015but GL
does not appear to scale fot. >181.

Although our previouscalculation ofthe critical exponentagreedclosely with
Alstrgm and Le&o's [5], thefinite scaling analysisontrastsharply withthe above graph.
They conclude that GL does indeed scale wijttvith a scalingexponentz 10.52. There
are threepossible explanation®r this: firstly, they studied GL on square latticegth
open(or cold) boundaries. We expect edge effects to be more severe fosyisem@s so
it may bethat GL scales as power lawbeyondthe maximumlattice size they studied
(1024x 1029. The transition to a constant critical lifetime may occur athei?24.

The second possible explanationtlet thelevel of noise inthe distributions
reduced the accuracy of their results. Inat an attractivealternative, but | see no
account made of the variance in the data so | can not exclude it as a possibility. Their runs
consisted of a quantity afata points on the sanoeder asmine, sothe variance in their

data should be on the order of that seen in Figure 3.5.

45



Thirdly, it is possiblethat cold boundaries producéundamentally different
dynamics than do periodic. For example, periodic boundsnay impose artificial
symmetries orthe latticewhich obstructit's natural evolution. Or perhaps, when gliders
or other animals interaetith the cold boundghey produce newspecies which dominate
the evolution. Waewill study the statistical properties gfystems withother bounds in
Section 3.10.

The data presented above suggests Géuixritical. Onemay be tempted to
believethe following fallaciousargumentwhich also comes to this conclusion. Wave

establishedhat, forfinite systems, avalanches have a typroakimum lifetime,t,. Also

for GL we know that an avalanche can expand at a maximum rate oélbpertime step
(see Section 1.2) so avalanchenill have a typicamaximumradius on theorder oft..
Let us assumethe critical lifetime scales via Eq.3.13) with a scalingexponentz<1.
Paradoxically, this implies thégr suficiently largelL, the largestavalanchesvill typically
extendonly over asubset of the latticeThis appears to be inconsistent with tiypical
interpretation offinite criticality--that is, afinite system athe critical point hasonly one
length scalel.. Actually, this isnot aproblem, as a critical point @nly strictly defined
for the infinite system [12],anomalous finite behavior isot problematic provided it
disappears in ththermodynamic limit. More importantly, it has recently been observed
[21] that dissipativeSOC systemstend toexhibit acharacteristic lengthvhich diverges
slower than thesystem size. This behavioray betypical of non-conservative SOC, so
this argument cannot be used to argue that GL is subcritical.

Jumping tothe conclusionthat GL does nogéxhibit SOC may bepremature. On
larger scales thawhat wehave explored hertheremay be acrossover to a newcaling
behavior orother, more comlicated, dynamics. | amot here to refutethat. The
interesting point is that thellgave been studies aelatively smallsystems [3,5] which

concludethat GL iscritical, while otherstudies [4,6] using virtuallthe same datdyave
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concludedhat GL issubcritical These latter argumentsve been made dhe basis of

the average lifetime of the avalanches (also called avdegsgtime).

3.7. Average decay time

If GL is critical then, in thethermodynamic limitthe averagdifetime of the avalanches

should diverge For finite lattices it must scale a5 as we see if we consider tbleange

of variablesu = t/t_ in
(t) O ‘!’tl*bf (t/t.)dt

0 tf*bj’u“b f (u)du. (3.14)
0

[t2*

C

Knowing how thecritical lifetime scales withithe system siz€Eq. (3.13),valid for

smallL) we can predict how the average decay time should scale:
(ot
|:| LZ(2+b)
where, from Figures 3.7 an8.10, z(2+ b)=0.223+ 0012 Using this value, we

(3.15)

compare the predictescaling ofthe averagealecay time withour data. The results,
shown below, seem to indicateat <> does noscale as expectdulit seems to plateau at
(t) =165+ 6, validatingthe results for theritical lifetime. This stabilizatiorwas also
observed by Bennett and Bourzutschky [4] at roudgihdy samevalue of L =181. They
studied square, periodic lattices up 1924x 1024attices and observed no further
increase in the average decay time on these scales.

Only asubset of the averagkecay timedatafits fairly well to the predicted power
law. The first point I(=64) does notfit because thisrun suffered from extreme
corrections to scaling -- it didot satisfy Eq. 8.14). The last poinLE256) also does not

fit the predictedscaling law. In thiscase, however, we understand this as resulting
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directly fromthe informtion in Figure3.10. This suggests the method asing average
decay time as predictor inscaling analyses is validnd the results heradicatethat GL

is subcritical (because the largest lattice does not fit the expected scaling law).
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Figure 3.11: Average lifetime as a function of system sider periodic lattices.
The predicted scaling exponent,0.223+ Q012 (line) fits a subset of the actual

data (points).

3.7.1. Other moments of the distribution
Some researchers [4,6Elieve thisrepresents clegoroof that GL nust be subcritical.
Alstram and Ledo [5] offer an alternative explanation: they suggest that the discreteness of
small avalanches pollutethe estimation ofthe averagelecay time, making it unreliable.
The readewill recall that when we first calculatethe critical exponents, wexplicitly
ignored datdrom smallavalanches because of fluctuations causettidyattice's discrete
nature. (These data points were includedunsecond attempt, howeverAlstrgm and

Ledo suggeshigher moments, whicHavour large avalanches, woulginimize the
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disturbances caused by thmall avalanches angroducefits in agreement witHinite-
scalingpredictions, thus reassertitttat GL iscritical. (They didnot actually include this
analysis in their paper, but merely outlined the procedure.)

In parallel with Eq. 8.14) thep 'th moment othe distribution ofifetimes should

scale like
(t) Ot

. A
|:| LZ(1+ b+p) (3 6)

We wouldlike to conpare this predictedcaling withthat determined directly from the

data. A convergence of these values for larger moments would suggest, in agreement with
Alstrgm and Ledo's predictiothat thediscrepancy observed in Figusell is due to the

low end of the distribution. However, if tvalues divergdor larger moments, then the
discrepancy islue to thehigh end above theritical lifetime. Calculatinghe moments for
periodic lattices of various dimensions and fitting them timige-scalingpower law |

have recovered the best fit scaling exponents and plotted them below.
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Figure 3.12: Comparison of predicted (from finite-scaling analysisand actual

scaling exponents for various moments dhe distribution. The valuescorrelate

better for smaller, fractional moments suggestingerrors are due to large

avalanches.

The resultlearlyshow a divergence for large momengblote that agt - 0 the
values converge with eadther faster thathey approactzero.) This suggests that the
low end of the distributiomloes notunduly influencethe moments. Hence, the average
decay time is a valitbol for determining if GL scales arot -- andour result, irdicating
that the average decay time stabilizes for large lattices, oncecorgmensour hypothesis

that GL is subcritical.

3.8. Noise

We have seethat thecumulative distribution fitshe proposediecayingpower-lawvery
well. Theoriginal distribution als@ppears tdit the derivative well(see Eq. (3.1}, but
we cannot be asonfident because ofie magnitude othe noise which plagues thdata.

We must question whether tim@ise reflects some hidden intermagéchanism or if it is
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simply experimental error. The easiest way to test this is by generating a syddteset
from the theoretical distribution, armmparingthe noise levels.The synthetidata set is
generated by choosirayalanche lifetimesvith the probability given inEq. (3.11) [7,pp.
287-8. Hence, the events are guaranteed toindependent and thaoise will be
Gaussian in form (although it may not appear Gaussian on a log-log graph).

If the events(avalancheskhre interdependent (suggesting a deepalysis is
required) then we would expect timeise level to deviate fromthat predicted by the
syntheticdata set. Foexample, if avalanches of similar siaee positively correlated, we
may well expect the noise levels to be smaller than predicted.

Usingthe theoretical distribution with the parameters for1R8x 128 data set, |
generated ten thousand data points (the sam&er as irthe experimentakuns), and
performed the same analysis as for the actual data. The results, showinguréhieelow,
closely approximate the actub28x 128 distribution. Hence, there doaet appear to be

any correlation between avalanches and the noise is due to statistical fluctuations.
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Figure 3.13: Comparison of noiséevels generated by a synthetidata set (a) and
the results of the 128x 128 periodic run (b). Both data sets have been binned
The strong similarity confirms our hypothesized form ofthe distribution function

(curve), and suggests that avalanches are indeed independent.

Giventhat we now know théorm of the noise, we couldpply this to derive a
more precise theoretical distribution.When originally fitting the function to the
cumulative distribution | ignorethe variance inthe dataandtreatedall points asbeing
equally reliable. A better method would estimate the standard deviation alaagboint
and include this informatiofor a betterit. Nevertheless, consideritgpw well the curve
fits the cumulative distribution even neglectitige deviations (see Figure 3.7), | suspect

that implementing this method would not significantly alter the model parameters.

3.9. Activity

Theavalanchesizecan be measured by more than |idistime. If GL is critical, anyother

propertywhich measures avalanche size should also olyweer lawdistribution. For
example,the totalactivity, defined aghe number of births and deatipsoduced by the

avalanche (see Eq. (2.9)), should have the form
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D(s)Os (3.17)
where we expect the critical exponent, to be distinct fronb.

The activity is one of the statisti€ellBot keeps a record of, so weay test this
hypothesis. Aplot of the distribution of activitiesfor a variety of systems (all with
periodic boundaries) is shown below. Notice the plotssarted tothe right (higher
activity) for larger lattices. This does notreveal a remarkable new phenomenon but
simply reflects an nsufficiency inthe program. When ounting thebirths and deaths
CellBot does notdistinguish between activitwithin the avalanche and activitgrising
from simple periodicstructuresbeyond. For example, &linker (see Figure 1.2) has two
births and two deaths in eatime step, for an activity rate of four. Theagimals, and

others like it will tend to right-shift a distribution.
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Figure 3.14: Overlapping activity distributions for L x L periodic lattices.
Distribution is right-shifted more severely for larger lattices due to error in

measure of activity. The curves representhe binned data smoothed with a

Savitsky-Golay filter (32,32,1).
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We expect the spatial densitytbese species to be uniform, and hehesactivity
for a lattice ofdimensionL will be inflated by aconstant amount on the orderIgf. To
correct for this error we ust subtracbff the estimateddivity of the stable stictures
from that of theavalanche. We can estimdtee activity of theunderlying lattice by
looking at theflip-fails, the perturbationg/hich immediatelyrevert to theiroriginal state
(see Section 3.2.1). In thesgalanches onlpne count of the activity is due to the
avalanche itselfthe rest represents the activity of tperiodic lattice. Tocorrect the
activity then, we must subtract the averéigefail activity once for eachime step in the

lifetime of the avalanche:

Sorea()) = (9 - {(€1)) - 1. (3.18)

The corrected distributions apdotted inFigure 3.15. Byfitting the cumulative
distribution to a decaying power law analogous to Eq. (3.6) we recaviical exponent
T=-1293+ 0017 which agreesfavourably with estimates fromther studies: -1.4 [3]
and -1.27 [5].
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Figure 3.15: Overlapped plots of corrected activity distributionsfor various
L x L periodic lattices. Best fit critical exponent ist = -1293+ Q 017 (calculated
via fit of cumulative distributions).

The finite-scaling plots of. and s> are shown below. Iparallel with Eq. 8.13)
we assume
s O (3.19)
where, fromthe graph,d =0.88+ Q08 Thesmallest lattice has been excluded from the
fit because of extremeorrections toscaling, andhe largest because it appearshave
crossed over to a size-independent reginMote Alstream and Ledo [5] coputed a

scaling exponent of 0.69 but let me reiterate--their results appblddoundaries and we

have no reason to expect the same valupdaodic bounds.
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Figure 3.16: Corrected finite-scaling plotfor critical activities versus systensize
for L x L periodic lattices. Finite-scaling exponent (fit to central three points) is

6=0.88+ Q08

In analogue with Eq.3(15) we compare thscaling ofthe average (corrected)

activity with the predictedcalingexponentd(2 + 1) = 0.73+ Q 07and observe good fit

for the same lattices as for the above figure.
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Figure 3.17: Average corrected activity as a function of system sifer L x L
periodic lattices. The predicted scaling exponent).73+ Q 07, fits a subset of the

data fairly well.

3.10. Boundary conditions

It has beersuggested that the debate o@r's criticality is aresult of applyingdifferent
boundary conditions. In théhermodynamiclimit we expect boundary effects to
disappear, buhey mayhave important consequencediiite lattices. Baket al [3] and
Alstrgm and le&o [5]applied cold (alsealledopen) boundaries aridey both concluded
GL is critical. Bennett and Bourzutschky [4] reacloggositeconclusions using periodic
boundaries. Later, though, Henmgsson [6] also concluded Gkas subcriticalput he
used cold boundaries.Note the general shape oéll distributions shown in these
references are similar to those shown above in Figures 3.6 and 3.15. lesé@enoe in
any of these papers that thiype of boundaries affecthe dynamics significantly.

Nevertheless, | would be negligent if | did not explore the possibility for myself.
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Figure 3.18 shows theoverlapping distribution ofifetimes for several square
lattices with cold boundary conditions. The beste@cayingpower law distribution
(determined by fitting the cumulative distribution) has critical exponent
b=-1390+ Q011 Note this value falls within the margin of error of the value calculated
for periodic boundariesThis is satisfyingoecause we expect tpewerlaw to represent

the behavior ofthe infinite system, to whichthe periodic and cold lattices should both

converge.
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Figure 3.18: Overlapped lifetime distributions for L x L lattices with cold
boundaries. The curves represent smoothed (Savitsky-Golay (32,32,i9)ms of
the binned data. The critical exponent ish =-1390+ Q011

As before, thecumulative distribution simultaneously determinge critical
lifetimes, abovewhich finite-size effects dominatiae distribution. Unfortunatelyonly
three lattices weréested,making it difficult to reliably fit to apower law (sedigure

below). Assumingthat all three pointdit the finite-scalingpower law we get afinite-
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scalingexponent of 0.54.This agreesvery nicely with Alstrem and Le&o's estimate of

0.52 [5] using lattices up 10=1024.
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Figure 3.19: Finite-scaling plot of critical lifetimesfor L x L lattices with cold
boundaries. The scaling exponent is estimated at= 0.54+ Q09

If we againplot the averagdifetime against system size (below), we observe a
good fit to the theoretical result. Thenly qualitative difference beten the cold
boundaries and periodic boundariesthat we do notbserveany stabilization in the

critical lifetime or the average decay time for large lattices.
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Figure 3.20: Finite-scaling plot of average lifetimgor L x L lattices with cold

boundaries. The scaling exponent is predicted to b@33+ Q 06.

In fact, all the properties of theystems seem to libe same as thperiodic
systemsexcept thefinite-scaling exponents and length scalese different. Cold
boundaries seemnly to differ inthatthey affectthe dynamics more strongly effectively
reducing thesystem size. Perhaps thisnist surprising. On a cold-bounded lattice, an
avalanche growing ahe speed ofight (one siteper time step)will interact with the
boundaries aftet/4 timesteps, on average. In contraspeaiodic lattice wouldallow
the avalanche togrow for L/2 steps before the boundaries affected the course of
evolution (via self-interaction dhe avalanche). Hence, we expect roughligadving of
the effective lattice length by using cold boundaries. If this holds true then we would not
expect to witness crossovdrom finite-scaling to size-independent dynamigstil
L =362, twice the length at which crossover occurred for the periodic runs.

Alternatively, the quantity of importancenay bethe critical lifetime. Perhaps

crossover occurghent, 21981+ 17 (see Section 3.6). Referring to FiguEd we see
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this would occumwhen L =612. In either case, it isot surprisingthat the properties
finite-scale as nicely as thelp. Thisdoes not contradiciur previousonclusionthat GL
is subcritical,but merely indicateghat we nust study larger lattices before we should

expect to observe crossover into a size-independent regime.

3.11. Geometry

So far we have examinestjuare lattices with periodic and cold boundariesmady be
interesting and enlightening &xplore some more exotic lattices. My first choice was a
strip bounded inonly one dimension (with periodic boundaries). To reduce the
computational overhead | also imposed a reflective bouratainss the width of the strip.

The effect is a bin like that shown in Figure 2.1(b). We define the characteristic size of the
lattice, L, as the width of théin. The avalanche lifetimealistributions for three separate
runs are shown in the figure below. Note the critical exponent (calculateddns of the
cumulative distribution)p = -1.372+ Q 015 agrees with thewvo previousestimates. We

see the same drop-off for large avalanches, suggesting a finite-scaling analysis is in order.
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Figure 3.21: Distribution of lifetimes (smoothed)for GL in one-dimensional

'bins' of width L. Critical exponentisb=-1372+ Q015

The standardinite-scalingand average decay tinpdots are shown below. The
finite-scaling exponent, z=0.49+ Q09 fits the datafairly well. Of course, a better

analysis would consider more runs with larger lattices.
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Figure 3.22: Finite-scaling plot of critical lifetimesfor GL in one-dimensional
'bins' of width L. The scaling exponent is estimated at= 0.49+ Q 09

With this data, we predict the averadjgetime should scale with an exponent
0.31+ Q06. However, the real data indicates that $iystem agaircrosses ovefrom
finite-scaling (dominated by boundaries) to a size-independent formLred00, with an
average decay timd49+ 1 However, this result is suspicious becausdike the
periodic lattices in whiclboth scalingplots revealed the same crossover, herectitieal
lifetime appears to scale evdar L=200. Whether thiglisparity isdue to statistical

fluctuations or hides a deeper discord is a question left unresolved.
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Figure 3.23: Finite-scaling plot of average lifetime as a function of system size for
GL in one-dimensional 'bins' of width L. The predicted scaling exponent

0.31+ Q 06, (line) does not conform with observed results (points).

3.12. Unbounded GL

Applying the capabilities of CellBot, | also considered a &in inwhich boundariesvere
removed completely. Starting with a>&D block randomlyccupied with &0% density

| let the system evolve to a stabltate. Then | implementedhe same sequence of
repeated perturbations used in the other experiments. Onefoéthigings | noticed was
that thesystem quicklygrew, and as it did, it slowed downCellBot's performance is
roughly inversely proportional to treimber oflive cells (which from thefigure below, is
proportional to theaumber ofperturbations) so we can estimate the run-time required for
P perturbations varies aB’. The fact that this ipolynomial in time(as opposed to
exponential) is actuallgoodnews. We camealisticallyexpect to acquirsufficientdata

for our purposes. Thadaid, afterhavingrun the program for &w months | hadnly
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accumulated 1908 perturbations. Nevertheless,ddia is adequate to describe some

qualitative features and estimate the critical lifetime and average decay time.
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Figure 3.24: Evolution of the unbounded GL run over time (perturbations). The
number of live cells(a) grows roughly linearly, but the characteristic size of the
lattice (b) looks more like a punctuated equilibrium scenario.

Note that theterm unboundeddoes notmeaninfinite. Typically, we have a
localized cluster of live cells surrounded by a sea of dead sites. thalthmfinite system,
to which we aspire, there would be a roughly uniform spatial distributibveafells. The
dynamicsare affectedalbeit nore subtly, by thisslandstructureand we expedinite-size
effects to play a role in avalanche evolution.

Figure 3.24(b) demonstrates tlsze of this island is continuallgrowing. It is
possiblethat earlier avalancheare constrained moreghtly by the smaller size of the
system, in which case the earlier avalanches should not be fitted to the same distribution as
the later ones. Thigure below showshe raw sequence afvalanche lifetimeand the
same data smoothed. The smoothed det@als notrend butseems to fluctuate
randomlyaround amean value. (Note thismean valuedoes not represent tteverage

avalanche lifetimdecause the log-scale was used in the smoothing processlack o
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a transient shouldsatisfy the reader thawll the datacan be included in aingle

distribution.
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Figure 3.25: Demonstrationthat avalanches exhibit no transient. Theline
represents a Savitsky-Golay smoothing filter(32,32,1) applied to theraw data
(dots). No trend in avalanchesize is observed. Notthe average value of thdine

does not represent the average avalanche lifetime.

The distribution oflifetimes for the unboundedystem isplotted below. The
critical exponent isb [1-1376, in close agreement with theitical exponentfor the
square lattices with periodic boundaries. We observe the same droptetf for
bounded lattices, perhapst surprisingly because waispect GL to be subcritical. (We
may still see a drop-off even if GL is critical because this runasequivalent to an
infinite lattice). The drop-off occurs dt (11857, on the same order as #iable (large
L) value of1981+ 17 observed for periodic lattices. The fétat thisquantity isslightly
less tharthat forlarge periodic systenmuggests that thenbounded rumay suffer from

finite-size effectsdue to thesmall size ofthe initially filled lattice. The averagdecay
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time, 152, being smallethan expected, alsmnfirmsthat the run isnhibited bythe small
initial seed. It would be interesting to study this run at [atees to determine if the

critical lifetime and average decay time have increased.
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Figure 3.26: Distribution of lifetimes for the unbounded GL. The power law fit
exponent isb [0-1376. The critical lifetime is estimated att. (11857 and the

average avalanche lifetime igt) 0152.

3.12.1.  Gliders and the characteristic radius
Up to now | have discussed thgstem sizevithout mentioning how it was measured. For
bounded lattices this is triviabut for the unboundedystem it becomeslightly more
complicated. At first guessne would simply define a boundingoox which is the
minimum size to contain all live cells. Unfortunately this does not accurately represent GL
very well because, looking at FiguB27, we see that thenbounded system consists of
two domainsthe cluster domaimand theglider domain The glider domain arisésom

the central clusteperiodically spittingout gliders as it evolves. Initiallthese gliders,
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spreadingout diagonally in allfour directions fromthe origin, account foonly a very
small fraction of the population. We camliably estimate the radius of thgystem

(ignoring these few gliders) with the radius of gyration (from inertial mechanics):
R, = i%rf (3.20)
N &
whereN is the number of live cells angdis the distance from the center-of-mass ofithe
live cell. This measure givesccurate resultwhenthe glidersarefew and neathe center
but as the glider domain grows its weight inflates the radius of gyration.

A new measure whiclkould distinguish betweetthe cluster andjlider domains
was needed. In response, | constructedBticeunt radius The principle behind this
measure ishat the clustedomain has a relatively uniform density. This beting case,
one estimates th@-countradius by performing &inary search for the radiusom the
center-of-masst,, of a circle suctthat thecircle encompasses a fractidh, of thelive
cells:

N(ry) =6N (3.21)
whereN(r) is thenumber oflive cells within aradiusr and N = N() is the totalnumber
of live cells. The density ofive cells within thiscircle is assumed to like density of the
central cluster, and the radius of the entire cluster §tbheunt radius) iestimated by

extrapolating this radius to include what would beNadells if they belonged to the cluster

domain (assuming a uniform density):
re

&:ﬁ-

I choseB =1 (half-count radius) because it providesiee balance.Too small afraction

(3.22)

would give rampantly fluctuating measures becahsepopulatiorwithin the circle would
not be statistically stable. On the other hand, too large a fraction rumsktbéincluding
part of theglider domain withinthe circle. As long ashe clusterdomainaccounts for

more than &lf of the live cells inthe system this choice gives good measure of the
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characteristic radius. In thigure below,the half-count radius woulgive an everetter

estimate except that the center-of-mass is being shifted by the weight of the glider domain.
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Figure 3.27: Sample unbounded GL configurations. Snapshots taken at
perturbation 1906, time step 4314. The full systerfa) is dominated by theglider

domain. The radius of gyration (b) and half-count radius (c) attempt tdilter out

this region.

The gliders also complicatbe dynamics inotherways. One important property
of SOCsystems ighat the driving rate approaches zero (see Section 5.2t#3.implies
that all gliders should have moved off tiofinity (disappeared) before th&ystem is
perturbed. As it stands tilsgstem iperturbedwhen it reaches stability, evémough the
glidersarestill active. The problem ihat, usingthe perturbation methochentioned in
Section 3.2.1, it ipossiblethat thesegliders could beperturbed. In fact, as thglider
domaingrows, itmaybecome thelominant force inthe evolution and accrue most of the
perturbations. | hadot considered thipossibility when collectinghe abovedata. The
effect of perturbations inhe glider domain is to form clusters at unnaturally large
distances from the central cluster, weighting the glider domain even more. If | had it to do

over again, | would restrict perturbations tmcur within the half-count radius of the
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center-of-mass. It is unclear whether this wosilghificantly alter the distribution of

avalanches.
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4. Mean-field and mixing

4.1. Introduction

We now turn ourattention to another method developed doalyzingthe many-body
problem. Mean-field theoriefiave been successful in predicting critical transitions in such
systems ashe Ising model-a mathematically idealized magnet [22The Ising model is
relevant because it shares some commonalities with @amely, it isconsists of a
spatially-extended lattice of finite-state poimthich are constricted to interactiongth

only nearest neighbors. Perhaps, themean-field analysisvould provide soménsight

for us.

As thename implies, mean-fieldheory proceeds lbyeplacingthe particulars of an
interaction with an expectation valudich represents theystem as a whole. Each site is
assumed to be identical, and as sty particular site's interactions with its neighbors
can be approximated bymaean field Further, because this siteidentical tothe others,
thefield is self-consistent. Aatis, thefield represents some parameter of legghboring
sites, and this parameter must also desdhbecentral sitetself. This last requirement

makes the transcendental problem easily solvable.

4.2. GL's mean field map

In GL, transitions are determined by thember oflive cells in a neighborhood.
This suggests we use tipeobability of eacltell beingalive as ourmean field. On a large
scale, this parameter is just the population densityiven such a fieldhe probability of

exactlyo live neighbors surrounding a site is given by the binomial distribution:
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8
p(o,c) = (0)6’ (1- 9*°. (4.1)

Of course, the central site is also going Have an occupatioprobability ¢ (self-
consistency requirement). Using this information we can deterthi@eoccupation

probability in the next time step from Eq. (1.3):
c(t+1) = C(t)Z Ao, d9)+[1- ¢ 3] 63 €)). (4.2)

This form is calledhe mean-field magand it describersot just thelocal probabilities, but
the evolution of thelobal population. The map islotted below in Figure 4.1, showing
the fixed points and their stabilities. These valseggest that if theystem wastarted
from aninitial population in the range(0) [1(0.192 Q 564 then itwill evolve to a final

population ofc(e) =0.370. Otherwise, theystemwill decay and eventually disappear

altogether.
0.6
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c()
Figure 4.1: Projected mean-field map for GL. Fixed points lie at O (stable), 0.192
(unstable) and 0.370 (stable). Thesesults are incompatible wth experimental
observations.
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Of course, we know Glhas a stable population density of rouglBl3, in
disagreement with the predicted valu®d70, above. Onemay questiorwhy mean-field
theory makes incorrect predictiofr GL. By replacing particular interactions with an
averagefield which ignores spatial inhomogeneity we must be losing information
significant to GL's evolution. In fact, GL is dominated by spatial correlations which mean-
field theories ignore. As a GL population evolves, each oteligstrives to reach state
compatible with its neighbors. THi@al, stable configuration consists oélls which are
correlated ovevery long distances. (If GL is critical wexpect the correlatiolength to

diverge.)

4.3. Long-range mixing
We know mean-field theory ignores spatial correlations, and hefails to properly
represent GL. Iltmay be ingresting to explore theffect of modifying GL in order to
destroy correlations and test the validity of this assumption. Correlations can be broken
by mixing the cells (see Section 2.1.2). We consider gimplestcase of long-range
mixing via random jumps. (Other forms of mixing tend to complicate the results [17].)

We expect, in thdimit of complete mixing,m - 1, that theglobal dynamics

should conform with mean-field predictions.
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Figure 4.2: Sample equilibrium configuration of GL with long-range, m=1.0

mixing on a 256x 256lattice with periodic boundaries.

Observinghow GL metamorphosdsom the sparsegeterministic system seen in
Figure 1.3 to the results observed abmes/ reveal some insights into GL'eature. In
fact, GL lies at ondimit point on a bifurcation diagram whene playsthe role of the
bifurcation parameterThis mayreveal insights into GL's criticalature. Fosmallm, we
expect the lattice to respond like GL with occasional perturbations. barge the other
hand, should havéhe effect of adjustinghe dynamics toconform with themean-field
map. These predictions acenfirmed inthe figure below. Also, we observe a phase

transition in the intermediate valuesnf
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Figure 4.3: Bifurcation diagram for GL with long-range mixing on a 256x 256

lattice with periodic boundaries. As the mixing fraction approaches 1 (see (a)

the population grows to the mean-field prediction (line). There appears to be a
second-order transition at m=0.18508, but on closer inspection (b)rtay be first-

order.

According to Eq. (2.4) the actualixing fraction is somewhasmallerthan the
assumed value, due fmossiblenull moves. Theerror iscalculated fromc ~ 0.4 and
N, =256°. Applying these quantities revealsnegligible error on the order of I0.
Hence, the resultalready shown dmot need adjustment becausall moves play an
infinitesimal role in the dynamics.

The natural occurrence of the phase transitiomat 0.18508 may besurprising
at first. However, similar transitiorteave been observed ather stochastiextensions of
GL [23] and, in other CAgven more complex bifurcatioase sometimes observed [17].
In this case, wemay conceptually interprethe bifurcation asthe point where a
disordering force(a monotonically increasing function tife mixing fraction) exceeds a
constanirdering forcerepresented by GL's rules. Unfortunately, this interpretdaitm

to predict the value afn,.
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As mentioned abovehe dynamics ear the transition poirgeem to be defined by
the balance otthe ordering and disordering subrules.miy bepossible to quantify this
behavior, at least roughly. Consider a bledkch consists of a central site and its eight
neighbors. The first subrulgtempts to correlate the block. Howevenly ofthe cells
in the block are moved, it becomaspossible toorganize. Hence, as #rst
approximation, we consider, to lie atthat point such that, on average, @ed in each
block has been moved. We expect thisdastroy correlations as fast as the ordering
subrule forms them. The number a#lls moved in such a block is jusine times the
probability of eacltell beingmoved. To calculate this probability we must consider the
possibility of a live celmovedout ofthe block(to first order this is justn) or a deactell

being replaced by a live cell from elsewhere. This latter probability is given by

. 1
Pr(dead gets livg=mcN, x ———
(dead gets ivp=meN, x 13—
moves chance of receivin
cell per move < (43)
_ mc
1-c

Now, the probability of any single cell beinghoved is just thecombination of the

probabilities for the live and dead cells respectively:

Pr(cell moved mc+ (- ¢)Pr(dead gets Iivg) (4.4)
=2mc

We are now in a position to estimate thgical mixing fraction. As | mentioned above,

we suspect this to occur at the poiiten correlationgrebeingdestroyed as fast dsey

can beconstructed. This suggests that, on average, argdl in each block is moved.

Since the number of cells moved is joste timeghevalue given in Eq. (4.4) wexpect a

transition at
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1
™ = 9. (4.5)
[J0.150

We take c to be thenean-field population density because vege interested in the
equilibrium dynamic&nd themean-field dynamics repsent arequilibrium configuration .
This estimate agrees roughly with the observed value of 0.18508. A better estimate would
also consider theossibility that themove does notaffect the transition--forexample, a
neighborhood containing eiglitve cells would evolve inthe sameway regardless of
whether anothecell was added or one of the eight removed. In this case correlations

could still grow, but we assume these situations are rare.

4.4. Asynchrony

In GL, correlations are set umt only spatially,but overtime as well. Wemay expect,
then, thatbreaking temporal correlations shoutdoduce dynamics similar tothose
observed in the last section. st glanceonemay guess thdigure below,which shows
a GL configuration with a low synchronisitigoks like Figure 4.2, a samplmean-field
configuration. On closer inspection, however, the reademotice patterns overtical
and horizontalines whichare notseen in thanean-fieldconfiguration. Thissupports

claims in referencf4] that asynchrony induces order in cellular automata.
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Figure 4.4: Sample equilibrium GL configuration with asynchronous updating

(s=0.10) on a256x 256 lattice with periodic boundaries. Notice the pattern of

vertical and horizontal lines emerging.

Again, curiosity prompts us to explore the transition from &l1] to asynchrony.
The figure below indicatesanother second-order phase transition. Tyaamics
responsiblefor this transition and the transition observed witixing deserve closer
inspection. For now, let meonly saythat we sedrom the graph thaasynchrony is a

markedly different progprty thanmixing and the transitions mustrise from different

forces.

78



30000 1
25000 F )

20000

15000

live cells
-“»

10000

5000

0 i 1 I 1 1 1 1 i
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
synchronisity, s

Figure 4.5: Bifurcation diagram for population density as a function of
synchronisity for GL on a 256x 256 periodic lattice. A second-order transition
occurs between s=0.and 0.95. Notice that, in theextreme, the dynamics do not

correspond to mean-field predictions (line).
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5. Conclusions

5.1. IsGL SOC?

In this paper wénave explored evidenaghich suggests th&ame of Life (GL) is self-
organized criticalSOC) aswell as evidence whicBuggests it isiot. In an attempt to
reconcile theseonflicting views we stumbledpon a tool -- aimple scalingorm of the
cumulative distribution -- which clarified much @he vague andsubjective evidence
supporting eitheclaim. With thistool we wereable to apply aigorousfinite-scaling
analysisand discoveredhat the evidence points to Glfalling short of criticality.
Unfortunately, we have very littldatabeyondthe length-scale where GL crosses over
from finite-scaling to stability -darger lattices must be studied ¢onfirm that GL is
subcritical.

In makingthe discoverythat GL issubcritical we have reconciled argumeintsn
both camps -- we have appliedirgte-scaling analysiand observethat it is inagreement
with thelack of scalingobserved in the average of the distribution. Ndge explored a
variety of boundary conditions and alternate geometries and found no indibatidhese
variations affectthe dynamics in any wayexcept in the size of the lattice wathich
crossover occurs. Wmeave also discovered an unusual and perplesgaging function in
that it increases above one before falling off to zero.

One mustlwaysconstrain one's conclusions to scaldsch have beeexplored,
and hence, wwiill never know if GL is trulycritical onall scales. The best we caay is
that GL is subcritical, at least up to such-and-such a system size.

Regardless of whether GL doeshibit SOC or not, | hope this papeonveys to
the reader the problems with thealyticaltools at our diposal. New methods need to be
developed, or old methods adapted, to the exploraticspatially extended dynaical
systems far from equilibrium. lthefollowing sections present some of my owdeas in

the pursuit of this goal.
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5.2.  Unexplored avenues

5.2.1. Renormalization group
The renormalization group is an elegant new theory developed in the 1970s by Wilson [25,
p. 19 and others to study spatio-tempodghamics of phenomena lacking a length-scale.
It is well suited to critical phenomena, providing a metfh@dapproximately computing
the critical exponents, and provides a conceptual frameworkunderstandingthat
enigma of criticality--universality.

Thebasic idea behinfteal space) renormalizationttsat ofcoarse-graining,. The
lattice space ofells ispartitioned into blocks oinear dimension. Then, each block is
replaced by &inglesite whichrepresents somsort ofaverage of the blockSelf-similar
properties of the transformation are exploitegealing fundamentgbroperties of the
underlying system.

Each iteration of renormalization decreasles length scale by a magnitude
Hence, forsystems offthe critical manifold the correlationlength is also rescaled,

& - &/I, pulling near-critical systemturther and further froncriticality (§ =) and
making them easier to analyze with traditional methods.

Unfortunately, in GL no conserved quantities have been discovered, and in
particular, there is no analogue for energy. Hence, imp@ossible toconstruct a
Hamiltonian (the preferred quantity to obelf-semilar scaling). Nevertheless, despite my
abysmalunderstanding of the subjeetiuition tells me a renormalizatiaapproach would

go far in the deciphering of GL's mysteries.
5.2.2. Mapping onto criticality

Recently,Sornetteet al [26] have described a method o&pping specificSOC models

onto dynamical criticalphenomena. SOC igiewed as a result of tuninthe order
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parameter(instead of thecontrol parameter to approach aanishingly smalinon-zero
value, which has the effect of forcing the control parameter to the critical poirkigsee
1.4(b)). Mapping SOC onto criticality has the advantage omhot requiring any
conservation laws and it explains trexy slow driving rate@bserved in all SOC systems.
In their papeiSornetteet al give an example dfiow this napping is implemented
on thecanonicalSOC model--thesandpile. They consider @hysical system of a drum
containing sand which iotated at a raté. The rotation iglriven by atorque, T. At
some criticatorque, T_, avalanches odll sizesare observed in the sand witldecaying
power lawfrequency. Thisuggests theystem is at a criticgdoint. Below this point the

torque isinsufficient to rotate thedrum, while above this point a non-zero average

rotation rate,(%}, is observed. SOC is seen as controlling dhder parameterd,

instead of the control parametdr, If we require® . 0" then weincidentally force
T - T, thecritical value. The important point heretisat there is nenanual tuning of
any parameters, the critical point is found automatically.

One could explore GL in these terms. Aswil see,the dynamicsaredriven by
site perturbationgvhich occuronly aftervery long timeqafter thesystem has stabilized).
This suggests, imnalogy withthe sandpile mappinghat the perturbation raggays the
role of the order parameter. However, theestion of whaplaysthe role of control
parameter comes to light. | can find no cleay of interpreting GL as a critical system,
in this manner.

On a different tack, GL is suspected to be SOC because of the agmaventaw
behavior observed. No experiments have lseerewhich place GL at a criticgloint on
a bifurcation diagram. The problem has bieding a suitableontrol parametewhich is
continuous and yet describes GL for some value. GL has a discrete neighborhood,
discrete rules, and a discrete alphaldeador alive), making it difficult toparameterize.
One method is to consider the rule spacerobabilistic CA of which GL is a member.

For GL we determine the transition probabilities from Eq. (1.3):

82



P~ 1(0) = rule(0,0)

(5.1)
pr1(0) = rule(1,0)
and
GL o)=1- GL o
p:o( ) p?;ﬁ it )_ (5.2)
P o(0) =1-p 4(0)
Now we construct a two-parameter family of rules which includes GL.
O | Po_1(Hy,0) | Puo(M0)
0 0 0
1 0 max(0,—H, )
2 | maxO,~y,)| min@1-u, ) (5.3)
3 1_|”~1| min(1, 1+ u,)
4 | maxQ4y,) | maxQu, )
5+ 0 0

for p,,u, J(-1,1). The otherprobabilitiesare exclusive as irEq. (5.2). Uponclose
examination we obsenvhat GL corresponds t(u,,1,) = (0,0). Physically,the above
table can be interpreted ameaningthat the CA prefers a moreheavily occupied
neighborhood for largeralues ofthe parameters and a sparser neighborhoodnfatler
values. The parameters are responsible for shifting the location of the crest in Eq. (5.3).
It is unclear whether this methaedll give any meaningfutesults but lintend to
study it in the future. | foresee difficids, however, because Gdliffers in one crucial
way fromthe CAnearby inthe parameter-space: itdgterministic. Hence, hayset up
long-range correlations and large-scateuctureswhich probabilistic system$end to
smearout. We have already seen examples of this when sttedied mixing and

asynchrony in Chapter 4.

5.2.3. Directed Percolation

To study thedynamics in GL weconsidered thesffect of a single sitgerturbation--

flipping the state of &ell and watching theesulting avalanche. Statistically speaking, the
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avalanche has a chance of either growingloinking at each timstep, as itevolves.
Perhaps this evolution can be interpreted in terms of a directed percolation problem.

Directed percolation [27] is used to modke flow of fluid through a porous
material. At each timstep thefluid can penetrate further into timeaterial with some

probability, p. If we consider the faihlg of all suchmodels, then we observecatical

transition a9 increases g@st someprobability p.. Forsmall p, the fluid penetration is
inevitably halted, eventually. Above@,, however, theravill always be at leagine path

which permeates the entidlength ofthe substance. Thealue of p, depends on the

dimensionality, geometrgt cetera

It is possiblethat theevolution of an avalanche can be modellethese terms. If
we can determine that GL avalanches are guaranteed the possibility of traversimiyehe
lattice space, does thisot put somdower bound on GL'somplexity? One of GL's
sticking pointsthe strong correlationshich extend over the latticenay not apply (in the
same way) to thavalanche as iloes to the spaaéself. If this istrue, amean-field

theory, like directed percolation, may be applicable to the avalanches.

5.3.  Summary

As can be seen, GL holds a wealth of posdiltiere research topicsRememberthough,

we are interested in Ghot for its own sake, but iorder to find toolswhich may be
usefulfor the analysis ofnaturalspatially extendedynamicalsystems--particularlyhose
near a criticapoint. Wehave seerthat spatio-temporatorrelations strongly affect the
dynamics othesystem. Breaking these correlations, by either spatial or tempouad,
reduces GL'somplexity and makes it one readily solvable. But natural systems with
internal chronometers do exist, amday exhibit the samecomplexity seen in GL.
Complexity sometimesoccurs even without synchronization. In these cases, the

experience we have gained from the study of GL will be useful.
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A. CellBot source code

CellBot copyright © Hendrik J. Blok 1994, 1995

This isthe source code, in C, for the progr@wllBot. All files included here may
be freelycopied and redistributed, withontodification, providedhe copyright notice is
not removed. Thigprogram is fornon-commercial usenly and may not be sold for
profit.

The files nr.h and ranl.c can be found Mumerical Recipes [7] andre not
included here. However, nrutil.c amdutil.h are included becaudbkey include important
modifications tothe original code (placed into thepublic domain by Numerical Recipes
Software). Tocompile CellBotsimply copy all thesefiles to the same directory and
compile them. Thetink the objectfiles to create an executableNote: thefunction

main() which contains the heart of the algorithm, can be found in the file cb.c.

bounds.c
%
CellBot - bounds.c
Copyright 1994,1995 Hendrik J. Blok

Routines for analyzing boundary conditions. Note that ALL gstems are
bounded, even btype=NONE. In fact these behave as PERIODIC systems
with lengths equal to MAXINT. This is because large integers loop
around fo their maximal negative value (and vice versa).

Note: on DOS MAXINT=65535 while on Unix MAXINT=4294967295.
Modifications:

v2.05a Aug 12/94 ) . .
- changed btgpe[] to a float in preparation for HOT boundaries
- added Hot boundaries

v2.04a Aug 11/94 ) o
-in |{1|tbounds() btype is now read as a string instead of a coded
integer

v2.02a Aug 10/94 . . .
- afdlded routine initbounds() which reads boundary info. from config.
ile

v2.0la Aug 9/94
- changed boundary type REFLECT to REFLECT_EVEN and REFLECT_ODD

v2.00e Aug 9/94
- deleted routine single_applybounds(). Now always uses
applyboundaries() for consistency.
- reactivated map_inbounds() under the new name map_across().
v2.00d Aug 9/94 ] .
- in apply_boundaries() changed PERIODIC & REFLECT routines to only
duplicate cells within range of border (see isonborder).
v2.00c Aug 8/94 . .
- fixed bug in how REFLECT handled corners.élt didn't!) Required
complete rewrite of subroutine in applyboundaries().
- deleted map cellp. No longer used. .
- temporarily disabled map_inbounds() and single_applybounds().
v2.00a July 21/94 »
- now can handle separate conditions for each boundary. Corner
disputes are handled by choosing priorities for boundaries.

#include <stdlib.h> [* defines abs() */ . .
#include <string.h> . /* defines stncm%% */ )
#include "b%m s.h" [* defines NONE, COLD, PERIODIC, REFLECT_EVEN, REFLECT_ODD, LOOP_OVER_BOUND(), inbounds()
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/* includes stdio.h ==> defines FILE

#include "cb.h" [* defines LQOP_OVER_CELLS(%, LOOP_OVER_FLIP_NBRS() */
#include "rules.h” /* defines dim, |IV69, maxnbrs, nbrx */
#include "nrutil.n" /* defines |ve:;torQ ree_ivector(), ivector_cmp(), CMP_LESS, CMP_GREATER */
#include "fileio.h" I* defines fstrip() ¥/
#include "pandora.h” /* defines runtime_err() */
#include "rrandom.h" /* defines flip() *I
ifPt *mibnx, *maxx; /* I* bour}dgriesd *t/ (by d gi iority) *
oal e; array of boundal es escending priori
int *bcot%jqe); I* arra))l/ of boundalpl/eg F()") */ y 9P Y

i/gt beyondbound(int bc, int *x)

Tests if x is outside a particular boundary. bt is of the form indicated
in the configuration file.

. Note: this routine ignores the possibility that btype==NONE.

t if (bc<0{) . /* minx */
if (x[-bc] < minx[-bc]) return 1;
else return O;

else [* maxx */
if (x[bc] > maxx[bc]z return 1;
else return O;

i/gt inbounds(int *x)
Tests whether x is within [minx..maxx]. Always returns TRUE if no
boundaries.
Modifications:

v2.00a July 21/94 . . "
" - now compatible with multiple boundary conditions

int p;

/* check boundaries (by priority) */
for (p=1; p<= 2*dim; p++
if (beyondbound(bcode[p], x))
if (gtype[p] ==NON return 1;
else return O;

/* else (is inside all bounds) */
return 1;

)/*oid map_across(int bc, float bt, int *x)
Maps x across the boundary bc according to the boundary type, bt.
Modifications:

v2.05a Aug 12/94 . .
- changed switch() to if..else because switch doesn't accept floats

v2.0la Aug 9/94
- added support for REFLECT_EVEN and REFLECT_ODD

v2.00e Aug 9/94 .
- renaméd from map mboundsé) to map_across()
- fllp]ped boundary which PERIODIC maps across to reflect new use
of routine (now designed to map in-bounds cells to
out-of-bounds).

if (bt==PERIODIC) {
if (bc<0 ]
" CEBRY= minstoc - (mac-bc] - oc) -
}el%sexﬁ)l(;;):t]:::ﬁngé’ﬁgg‘%{*és( +Nb)°f - minx[+bc]) +1;
<
I | 'bcf: minx[-bc] - (x[-bc] - minx[-bc]) -1;
else
} e,lfs‘(;; |??§E:Z:P21€f(:’ﬁ[ggﬁl_5%ng)><?[+bc] - X[+bc]) +1;
if (bc<

el

xXT
o

-bg = minx[-bc] - (x[-bc] - minx[-bc]);

x & =

) +bc] = maxx[+bc] + (maxx[+bc] - x[+bc]);
}

i/Qt pri_beyondbound(int p, int *x)
Tests if x is outside a particular boundary. b is of the form indicated
in the configuration file. If beyond a higher priority border or not
beyond border b then returns 0. Else returns 1.
Note: you can't choose the boundary like you can in beyondbound() because
if you choose one other than b[p] then it may be a higher priority
boundary in which case this roufine could réturn a false 0.

- Note: this routine ignores the possibility that btype==NONE.

inti;

for (i=1; i<p; i++) if (beyondbound(bcodeli], x)) return 0;
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/* else */ if (beyondbound(bcode[p], x)) return 1;
/* else */ return O;

i/gt is_on_border(int *x)

*/

{

}

Assumes x is out-of-bounds. Returns 1 if x is a neighbor to an
in-bounds cell, else returns 0.

int temp = 0; .

int *nx = ivector(1,dim);

LOOP_OVER_FLIP_NBRS(x,nx)
if (inbounds(nx)) temp =1;

free_ivector(nx,1,dim);
return temp;

)/*oid applyboundaries(void)

Modifies cell states on border to reflect boundary conditions.
Deals with each edge separately handling corners according
to the priorities of the boundaries.

Modifications:

v2.05a Aug 12/94 . )
- cHantged switch() to if..else because switch() doesn't work on
oafs
- added Hot boundaries

int p;
cell *c, *like;
int *x = ivector(1,dim);
for (p=2*dim; p>=1; p--) {
if (btype[p]==COLD
(L (pj Pl ?ELLS

OVER_C c)
if (pri_beyondbound(p,c->x)) delete_cell(&c);

}else if gbtype p]==PERIODIC B
btype[p]==REFLECT_ODD ||
btype[p]==REFLECT_EVEN) {

These types map cells across boundaries. They set out-
of-bounds cells to mimic the state of the corresponding
in-bounds (sort of) cell.

" This bit has been entirely rewritten in v2.00c.
LOOP_OVER_CELLS(c)
if (live(c) && !pri_beyondbound(p,c->x)) {
[* map c->x to out-of-bounds equivalent (x) */
ivector_cpy(x,c->x,1,dim);
map_across(Bcode[p], btype[p], x);

[* if just outside boundary then duplicate ¢ */

if (Pn_beyondbound(p,x) && is_on_border(x)) {
ike = g[etcell(x);

like->state = c->state;

}
}

} e}se if (btype[p]>=0.0 && btype[p]<=1.0) { /*HOT */
int *outx = ivector(1,dim);
LOOP_OVER_BOUND(bcode[p], X)

LOOP_OVER_NBRS(X,0utx
if (pﬁ_beyondboun_ (p,outx)) {

c=ge cell(fqutx), .
c->state = flip(btype[p]) ? x_flipstate(deadstate) : deadstate;

}

%ee_ivector(outx,l,dim);

%ree_ivector(x,l,dim);

}ioid initbounds(FILE *f)

Read boundary information from f (configuration file). Reads
bcode, x, and btype.

Modifications:

v2.06a Aug 21/94
- error trapping

v2.05a Aug 12/94
- read HOT boundaries

v2.04a Aug 11/94 . .
- btype iS now entered as a string instead of a coded integer

v2.02a Aug 10/94
- initial version
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*/

int p;

char bs[20];

/* allocate arrays */
minx = ivector(1 dlm)
maxx = |vector(1 dim

bcode = |vect0r(1 2*3|m)
btype = vector(1, 2*d|m)

for (p=1; p< 2*d|m p++) {
[*read */
fscanf(f "%l bcode+ ip(f); . .
if (bcode[ ]——0 | absgjcode [p]) > dlm) runtime_err("Configuration File: bcode must be in the range +/-1 ... +/-dim");

/* read minx/maxx */
if (bcode P] 0f{ . .
fscanf(f, "%i", minx - bcode[p]); fstrip(f);

else
i fsca{nf(f, "%i", maxx + bcode[p]); fstrip(f);
[* read btype .
fscanf(f %s", bs) fstrip(f);
stricmp("None",bs)==0 btype NONE;
e se ﬁ‘ stncrEf)'l(p "Cold" )):: ) b@pg[)]] = COLD
else if (stricmp(" 'Periodic",bs)==0 pe[p
else if (stricmp("Reflect Odd" bsj== btypep REFLECT ODD;
else if (stricmp Reflect—Even bs)—— ) btype[p] = REFLECT_| EVEN;
elsle if (stricmp("Hot",bs)= /* next no. |s temperature */

Note: COLD==0.0 so applybounds() will use COLD (erase out-
of-bounds cells) if this number is 0.0

*/

fscanf(f "%f", e+p) fstn (f);
if (btype[p]<0 O.Jv: %:
yel runtime_err(" guranon ile: Hot boundaries must be in the range 0.0 ... 1.0");
else

runtime_err("Configuration File: boundary type not recognized");

forr( =1; p< dim; p++) ) ) ) ) i
i (mlnx p]>maxx[p]) runtime_err("Configuration File: maxx must be >= minx");

/* turn off "' ' declared but never used" warning  */
#pragma warn -use

bounds.h
/*
CellBot - bounds.h
Copyright 1994,1995 Hendrik J. Blok
Modifications:
v2.14a Jun 18/95
- #include stdio.h so that FILE is defined in rules.c
v2.05a Aug 12/94
- changed boundary types to floats in preparation for HOT boundaries
v2.0la Aug 9/94
" - changed boundary type REFLECT to REFLECT_EVEN and REFLECT_ODD

#ifndef _BOUNDS _H
#define_ BOUNDS_H_

#include <stdio.h> /* defines FILE *
[*#include "hash.h"*/

/* boundar es */

#define Ngl\ﬁg -1.0
#define COLD 0.0
#define PERIODIC 2.0

#define REFLECT_ODD 3.0
#define REFLECT_EVEN 4.0

/*

The following is a control structure like the ones found in cb.h. This
one loops over all possible x-values of a boundary.

Modifications:
v2.05a Aug 15/94
Y - new

static int bndcarry,
static int bndrun

#define LOOP_ OVER _BOUND(b,x) ivector_cpy(x,minx,1,dim); \
f (b>0) x[b]=maxx[b]:
. it abs(b)==dim) xfdim-1]--;
else
x[dim]--; \ .
while (1) { \
bndcarry=1;

\

for (bndrun=dim; bndrun>=1
bndcarry; bndrun--) { '\
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if (bndrun != abs(b)) {

x[bndrun]++; \ i
i
(x[bndrun] > maxx[bndrun]) { \
x[bndrun] = minx[bndrun]; \
bndcarry = 1; \
} else
\
bndcarry = 0; \
}
\ }
if (bndcarry) break;
I* ?Iobal vars. */
extern float *btype;

/* boundary type (by descending priori */
extern int *bcode; y/’y Bou(n()jlary code (b?/ %e*s/;ctg%ding priority)

extern int *minx, *maxx;

/* coordinates of boundaries

/* function prototycPe,s */
extern int inbounds(int *x); .
extern void apPbeoundanes£v0|d);
extern void initbounds(FILE *f);

#endif  /*_BOUNDS_H_ *o

’

~ chc
CellBot - cb.c
Copyright 1994,1995 Hendrik J. Blok
MAIN PROGRAM
Modifications:

v2.14a Jun 18/95 - . " .
- in advance() mixing routine modified to work with new move_cell()
v2.13d Jun 8/95

- sum count_live in fillgrid() so record_sps() works on zeroth step.

v2.13c May 19/95

- now handles both DOS and Unix filename formats in configuration

file. See configure().

*/

v2.13b May 13/95 .
- fixed bug which halted program when t>sync*ntime. Should halt
when sync*t>ntime.
v2.13a May 9/95 .
- replaced t by sync*t in record_cps(), record sps(z, record_spp()
andtwhen comparing length of last pert. Changed ntime to a
oat.
v2.12a Apr 2/95 o .
- don't use random walk when mixing cells in advance()
v2.1la Mar 15/95
- prevent repeat moves of each cell by flagging moved cells
v2.10a Mar 12/95

- advance() now randomly mixes cells by moving some of them

v2.06a Aug 21/94
- error trapping

v2.05a Aug 12/94 . o
- in version_cmp() now checks that input file isn't newer than the
_CellBot program .
-in f|||gr;1d(§)now uses control structure LOOP_OVER_SPACE() defined
in cb.

v2.03a Aug 11/94 ) . . . .
- added routine version_cmp() which confirms that the file being
read is a recent enough version and the right type of file.

v2.02a Aug 10/94 o .
- in configure() now swaps to initbounds() to read boundary info.

v2.00b July 27/94 L o
- if not recovering from crash then record initial data in files
(.cps & .sps)
*
/* my e-mail address  */ .
#define CB_MAILTO "blok@physics.ubc.ca"

/*#include <stdio.h>*/
#include <string.h>

I* defines strlen(), strnicmp(), stricmp() */

#include <stdlib.h>
#include "pandora.h”
#include "rrandom.h"
#include "fileio.h"
#include "bounds.h"
#include "cb.h"

cell */

#include "record.h"
#include "rules.h"
move cell(g
#include "stable.h"

[* defines abs(). */ . .
[* defines runtime_err(), time_t, t|me(/) */
/* defines flip(), rrandom(), time_t %
* defines fexist(), fstrip(), expand_fn() */ .
/* defines a Blyboun arles(l, minx, maxx, thEze, mbounds%*/
[* defines LOOP_OVER_CELLS(), LOOP_OVER_NBRS(), LOOP_OVER_FLIP_NBRS(), LOOP_OVER_SPACE(),

/* defines fscan_dump(), fprint_dump(), record_cps(), record _sps(), record_c , record_s */
/* defines in—ltruleg , cﬂm, _deadsr,)tgte, x_fliﬁst%tt(a) , dead(), Fl)iv(g(), maxﬁbr%?(%brx, syﬁc,pggplyruIES(), mixing,

I* defines stable(), maxperiod, stablewin */
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#include "nrutil.h" I* defines ivector(), free_ivector(), ivector_cpy(), ivector_cmp(), CMP_GREATER */
/* global variables */

lon nperts; [* max. # perts (nperts<0 ==> Ioo? forever) */
float ntime; /* max. # time stegs on last pert */
int rec_cps, /* record cells per step (boolean) */
rec_sps, /* record stats per step (boolean) */
rec_cpp, /* record cells per perturb (boolean) */
[* record stats per perturb (boolean) */

rec_spp;
char prefixLZSS]; /* prefix (path+partial filename) for all data files. */

char dumpfname[255];  /* ﬁ ath &) name of dumci) ile */

float dens; . /* initial fill density within bounds_ */

time_t dumptime; * keeps currént time, to test if dump needed */
!ong dump_period; [* time between dumps in seconds */

int delete_flag; [* used in LOOP_OVER_CELLS */

int dump_Tlag; /* modify dumpfile? (booleang */

long count_live, [* # of live, inbounds cells  */

count_activity; /* sum of changes to system over one step */
!ong sum_activity=0; /* sum of 'count_activity' over one pert. */
int *pertx; /* location of perturbation */

void main(int argc, char *argvl[])

/* function prototypes */

void configure(char cfgfnamef]);
void fillgrid(void);

void advance(void);

void addneighbors(void);

void perturb(void);

void notice(void);

/* variable declaration */

long pert; /* pert = 0..nperts.  */
unsigned long t; I* time index  */
int lastpert; /* is last pert? (boolean) */

[* copyright notice */
notice();

[* Parse command-line. */ . ) . ) o
if (argc = 2) runtime_err("Usage: CB <filename.ext>\n\n\twhere <filename.ext> is the name of the configuration file.");

/% initialize */
rrandomize();
configure(argv[1]);

[* Fill hash table. */
if (fexist(dumpfnameg) .
| fsc{an_dump(&per , &t);  /* read dumpfile and update pert &t */
else
fillgrid();
ert =0;

=0;
/* If not recovering then record data. First included in v2.01a */
if (rec_cps) record_cps(pert, sync*t);
if (rec_sps) record_sps(pert, sync*t);
%ime(&dumptime);
/* main loop */

/* Crashes are expected to occur at applyboundaries()...advance() and
at stable(). Want recordings at positions such that after recovering
from a crash no info will be lost or recorded twice. Placing all
suspect routines before recordings should work. With the current
con |hgui.’71t|on stable() may be executed twice in a row if there is a
crash.

while (nperts < 0 || pert <= nperts) { /* nperts<0 ==> loop forever */
Ic?st;)eprt = (nperllsp>:0 && F|;ert+)1{> npgrts); P
o
it (dump_flag && eIaPsed(&dumptime, (time_t) dump_period)) {
) fprint _dump(pert, 1);

t++;
if (lastpert && sync*t > ntime) /* if last step on last pert then exit */
break;

[*H: -live cells

- maybe neighbors */
applyboundaries();
[*H -live cells

- boundaries *
addnei hborsﬂ;
[*H: -live cells

- boundaries

- neighbors */
advance();
*H: -live cells *

if (rec_cps) record_cps(pert, sync*t);
. if (rec_sps) record_sps(pert, sync*t);
} while (!stable());
if (rec_c record _c| ert);

(rec_cpp) if (Feggg%p)) record_spp(pert,sync*t);

perturb([);
*H: -Tive cells

- nel%hbors (except nbrs of pert.) */
pert++; t=0; .
sum_activity = 0; /* for tabulation */

|}f (dump_flag) . .
remove(dumpfname);  /* Completed execution; delete dumpfile */
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)/*oid configure(char cfgfname[])
Reads all necessary information and sets up arrays, etc.
Modifications:

v2.13c May 19/95 o
- calls expand_fn() to convert DOS<-->Unix filename formats.
Applied to argv[1], rulefname, dumpfname, and prefix.
v2.13a May 9/95
- changed ntime to a float

v2.06a Aug 21/94
- error trapping

v2.02a Aug 10/94 .
- now uses initbounds() to read boundary info.

v2.00a July 22/94 N ) o
- now reads multiple boundary conditions from configuration file
(by descending priority)

.~ vl.0la July 16/94 o
" - dimension new variable pertx[] and initialize to 0.

{ FILE *cfdfile;
g:htar rulefname[80];
inti;

. . cfgfile = fopen expar]d_fn&t_:fgfname),"r");
if (Icfgfile) “runtime_err("Configuration file not found");

version_cmp(cfgdfile, "Configuration”, CFG_MAJOR, CFG_MINOR);

fstripg‘cf?file); . )
fscanf(ctgfile,"%s", rulefname); fstrip(cfgfile); .
initrules(expand_fn(rulefname)); /* getdim, etc. */

initbounds(cfdfile);

[* stop ng?_conditions */ . )
fscanfg:fg% ile,"%li", &nperts);  fstrip(cfgfile); )
scanf(cfgfile,"%f", &ntlme)‘? fstrip(cfgfile);

fscanf(cfgfile,"%f", &dens); fstrip(cf%file); . )
if (dens<0.0 || dens>1.0) " runtime_err("Configuration File: dens must be >= 0.0 and <= 1.0");

/* read maxperiod & allocate stablewin */
fscanf(cfgfile,"%i", &maxperiod); fstrip(cfgfile); .
if (maxperiod > 0) stablewin = (fong *)lvector(0,2*maxperiod-1);

fscanf(cfdfile,"%s", dumpfname); fstrip(cfgfile);
expand_fn(dumpfname); )
fscanf(cfgfile,"%i™, &dump_flag); fstrlp(cf%ﬂle);
fscanf(cfgfile,"%lIi". &dump_period); fstrip(cfgfile); . .
if (dump_per|0d<0) runtime_err("Configuration File: dump_period must be >=0");

fscanf(cfgfile,"%s", prefix); fstrip(cfgfile);
expand_fn(prefix); . )
fscanf(cfgfile,"%i", &rec_cps); fstrip(cfgfile);
fscanf(cfgfile,"%i", &rec_sps); fstrip(cfgfile);
fscanf(cfgfile,"%i", &rec_cpp);  fstrip(cfgfile
fscanf(cfgfile,"%i", &rec_spp); fstrip(cfgfile

fclose(cfdfile);
ertx = ivector(1,dim);

or (i=1; i<=dim; i++)
pertx[i]=0;

yoid fillgrid(void)

Fills a fraction lgdens;) of cells within the boundaries to random states
other than dead.

Modifications:

v2.13d Jun 8/95 )
- tally count_live so that record_sps() works on zeroth step.

v2.05a Aug 15/94

- now uses LOOP_OVER_SPACE() defined in cb.h which loops from minx[]
to maxx(]

int *x = ivector(1,dim);
cell *c;

count_live=0;
LOOP_OVER _SPACE(x)

if (fﬁb(dens)? { ) .
¢ = getcell(x); [* insert cell into hash table */ .
c->state = x_flipstate(deadstate); /* set state to anything but dead */ .
" count_live+¥; /* tally live cells
}

%ree_ivector(x,l,dim);

v*oid addneighbors(void)

Strips off all dead cells and re-adds only neighbors of live cells
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(possibly boundaries).
Modifications:

v2.05a Aug 15/94
- caught bu :addnei%hbors() should LOOP_OVER_FLIP_NBRS() not
LOOP_OVER_NBRS()

cell *c; .
int *x = ivector(1,dim);

/* Delete dead cells. */
LOOP_OVER_CELLS(c)
if (dead(c)) ~ delete_cell(&c);

/* Restore neighbors. */
LOOP_OVER” CELLS(c)

if (Ii\TegB) B
LOOP_OVER_FLIP_NBRS(c->X,X)
getcell(x); /*'with insertions */

) }

free_ivector(x,1,dim);

y*oid advance(void)

Advance system. Assumes boundary conditions have already been applied.
Also does some statistical tabulation to save time.

Operates in 2 steg}s: first it figures out what each the cell's new state
will be. Then it setS all current states to these values.

Modifications:

v2.14a Jun 18/95 | " .
- mixing routine modified to work with new move_cell()

v2.12a Apr 2/95 . . o
- no longer uses random walk but just picks new random site in
random_move().

v2.1la Mar 14/95
- added support for mixflag (to prevent repeat moves) and simplified

v2.10a Mar 12/95
" - added mixing

cell *c, *nbr;
int *x = ivector(1,dim);
int *n = ivector(0,maxnbrs);
cell *newc; /* new cell allocated after move

/* Get next state of each cell and put in c->newstate. */
LOOP_OVER _CELLS(c)

if (flip(sync
(n@) :)(l:->ga{te; [*Aill n] */
LOOP_OVER_NBRS(c->x,x)

nbr = ni_gefcell(x);
) n[nbrcount] = dead(nbr) ? deadstate : nbr->state;
(l:->newstate = applyrules(n); /* set c->newstate */
else
c->newstate = c->state;
/*
Move newstate to state and tabulate statistics. Also delete dead and
. out-of-bounds cells. Also reset mixflag in preparation for mixing.
count_activity=0;
count_live=0;
LOOP_ OVER_CELLS(c)
if (inbounds(c->x)) {
count_activity += abs(c->newstate - c->state);
c->state = c->newstate;
if (live(c)) {

count_live++;
c->mixflag = 0;

ilf (dead(c)) delete_cell(&c}ﬁ;
se
delete_cell(&c);
sum_activity += count_activity;
free_ivector(n,0,maxnbrs);
/*
New to v2.10.

Apply mixing rules to a cell with probability mixing. Don't move

each cell more than once.
*

if (mixing > 0.0
¢ 9 LO%)&D_OVE.R CELLS(c . . . .
if (flip(mixing) && c->mixflag==0) { /* mix a fraction of live cells */
newc = move_cell(c);
if (newc !=c) delete_cell(&c);

) }

free_ivector(x,1,dim);
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}

)/*oid perturb(void)

Perturbs a random cell in the hash table by togglinﬂ its state. We
on’ want to toggle in-bounds cells so first'delete all out-of-bounds
cells.

After a crash the system will follow a different route because
the index used by rrandom() will have been re-initialized. If .
sync==1 and deterministic, this effect will only be noticed in perturb().

This routine does not generate the most general single-site
perturbations possible. Ideally one would want to perturb ANY random
site within the boundaries but'this has 2 problems: (1) if there are

no boundaries then how do you decide on a valid region, and (2) there
would be a large number of "flip fails" (when the system immediately
returns to its previous rest state) for some common rules (eg. Life).”
These can consume a lot of computer time, so we would liké to minimize
their occurence. Thus we choose the only available sites for flipping

to be in the neighborhood of live cells.

Modifications:

v1.0la July 16/94 .
- save location of perturbation on pertx[]

unsigned long countcells(void);
unsigned long p,q;

cell *c;

addneighbors();

/* Delete out-of-bounds cells  */
LOOP_OVER_CELLS(c)
if (linbounds(c->x))  delete_cell(&c);

/* Perturb */
g =1 + rrandom(countcells()); /* 1..countcells */

:0;
EOOP_OVER_CELLS(C /* Don't use a break statement because it may */
/* not behave properly in this abstract loop. */
p++;
if (p==0) { '
c->state=x_flipstate(c->state);
ivector_cpy(pertx, c->x, 1,dim);
return;

) }

unsigned long countcells(void). . .
/* Counts the number of cells’in the hash table including dead cells
and out-of-bounds cells.

cell *c; .
unsigned long i = 0;

LOOP_OVER_CELLS(c)
i++;

} )

return i;

}

void noti(;e(voidzl

f‘ Copyright notice  */
pri_ntf?”\n");
printf("
printf

\n");
"CellBot - CB - v%i.%02i%c\n", CB_M,A\)]OR CB_MINOR, CB_BUGFIX);
printf("Copyright 1994,1995 Hendrik J. Blok\n\'n");
printf("%s\n\n", _ DATE__);

printfé"Send comments, suI g1_e(§§!ons and bug reports to:\n");

printf(" %s\n", CB_MA|
) printf(" \n");

}/*oid version_cmp(FILE *f, char *ftype, int major, int minor)

Compares first line in file with ftyJ)e, major and minor to make sure the
f|||§ ?eng read is valid. Designed to work with "Configuration" and
"Rule" files.

v2.05a Aug12/94
- now reports error if file is NEWER than CellBot program

v2.03a Aug 11/94
g new

{ char s[255];
char errmsgéZSS];
char line[255];
char *Ip = liné;
int fmajor, fminor;

fgets(line, 255, f);
/* Check for comment char. */

sprintf(errmsg, "Invalid comment character in %s File", ftype);
if (Ip[0] != remc)
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runtime_err(errmsg);
[* Check for " CellBot v* */
Ip++;
sprintf(s, " CellBot v"); .
sprintf(errmsg, "Not a valid %s();ille", ftype);

if (strnicmp(lp, s, strlen(s)) =
runtime_err(errmsg);

/* Read version number (assume proper format) and file type */
Ip += strlengs); . . .
sscanf(lp, "%I.%i %s", &major, &fminor, s);

[* Check file type */
if (stricmp(ftype, s) = 0)
runtime_err(errmsg);

/* Check version numbers */ .

sprintf(errmsg, "Incompatible %s File", ftype);

[*is file too old? */ . . . .

if (fmajor < major || (fmajor==major && fminor < minor))
_runume_erreerrmsg);

[* is file too new? */

if (CB_MAJOR < fmajor || (CB_MAJOR==fmajor && CB_MINOR < fminor))
runfime_err(errmsg);

/*turn off ™___ ' declared but never used" warning */
#pragma warn -use

* cb.h

CellBot - cb.h
Copyright 1994,1995 Hendrik J. Blok
Modifications:

v2.14b Jun 23/95
- in rules.c move_cell() doesn't change c->state and c->newstate

anymore
v2.14a Jun 18/95 . )
- in rules.c random_move() extended to handle either jumps or random
. walks. "Also renamed random_move() to move_cell().
- in rules.c renamed mix_radius to mix_range

v2.13d Jun 8/95
- in cb.c fixed fillgrid() so record_sps() doesn't give nulls on

zeroth step.
v2.13c May 19/ . o
- in"ch.c configure() now handles both DOS and Unix filename formats
v2.13b May 13/95 ~
- fixed bug which prematurely halted run on last pert.
v2.13a May 9/95 .
- time is scaled by sync so that the rate of events is conserved

v2.12a Apr 2/95 .
- In cb.c advance() now just calls random_moveg for long_range
moves (in rules.c). random_mmove() doesn't use random walk but
randomly picks point within distance mix_radius (in each
coordinate).

v2.1la Mar 15/95
- in cb.c prevent repeat moves of each cell when mixing in
advance() by flagging moved cells

v2.10a Mar 12/95 . .
- added mlxmtho advance() in cb.c. Moves a fraction of cells
tobreak correlations.

v2.06a Aug 21/94 o . .
- added error checking in cfg & rul file. Also checks for illegal
rule case

v2.05a Aug 12/94 . .
- in bounds.c changed btype[] to a float in preparation for HOT
_boundaries . L
- in cb.c version_cmp() now checks that the input file isn't newer
than the CellBot program .
- added new control structure LOOP_OQVER_SPACE() in cb.h
- added new control structure LOOP_OVER_BOUNDY() in bounds.h
- added HOT boundaries in which the cells beyond a boundary randomly
_fluctuate. Note: Hot 0.0 == Cold, .
- in cb.c fixed bug in addneighbors() which should
LOOP_OVER_FLIP_NBRS() instead of LOOP_OVER_NBRS()

v2.04a Aug 11/94 = ) .
- use "Cold", "Periodic", etc. to describe boundary types in
configuration file instead of integers

v2.03b Aug 11/94
- added DMP_MAJOR and DMP_MINOR to use version_cmp() in fscan_dump()
v2.03a Aug 11/94 . . . )
- in cb.c’added routine version_cmp() which confirms that the file
being read is a recent enough version and the right type of file.
- added CFG_MAJOR and C MINOR to use this routine in configure()
- added RUL_MAJOR and RUL_MINOR to use this routine in initrules()

v2.02a Aug 10/94 . . .
- added routine initbounds() which reads boundary info. from config.
file. Called by configure().

v2.0la Aug 9/94
- changed boundary type REFLECT to REFLECT_EVEN and REFLECT_ODD
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v2.00e Aug 9/94 . .
- in bounds.c deleted routine single_applybounds(). Now always uses
. aBpbeoundarles() for consistency.
- in bounds.c reactivated map_inbounds() under the new name
map_across().
v2.00d Aug 9/94
-in cb.h’changed LOOP_OVER_NBRS() and LOOP_OVER_FLIPNBRS() to use
c->x as the first argument instead of c itself. Makes it possible
to loop over the neighbors of x without allocating a cell.
- used this in bounds.c to only duplicate cells if they are within
range of the border. Faster, less memory.
v2.00c Aug 8/94. . .
- in bounds.c fixed bug in how REFLECT handled corners. (It didn't!)
- Required complete rewrite of subroutine in applyboundaries().
- in bounds.c deleted map cellp. No longer used., .
- in bounds.c temporarily disabled map_inbounds() and single_applybounds().
v2.00b July 27/94 .
- if not recovering from crash then record initial data (.cps & .sps)
v2.00a July 22/94 .
- now can handle separate conditions for each boundary. Corner
disputes are handled by choosing priorities for boundaries.

v1.02d July 21/94 . .

- in nrutil.c modified the vector_cmp() routines to increase speed.
They now exit as soon as the criterion is met instead of looping
through all elements. .

- changed nperts so that nperts=0 means loop through once (previously
was nperis=1).

v1.02c July 20/94 " . .
- in record.c modified cutoff_radius() to calculate SMALLEST radius
which satisfies criteria. ~ .

- in record.c added line in fprint_header() to record CellBot version

number in data files.
v1.02b July 19/94 . o

-in _reccl)rd.c rewrote cutoff_radius(). New version is faster and

simpler.
v1.02a July 18/94 . .

- in record.c added routine cutoff radius() .

- in record.c eliminated double checking of live() and inbounds().

~Assumes all cells in hash table are both live and in bounds.

- in record.c erased routine ac_kmgdens() which assumed hash table
consisted of live cells and neighbors.

v1.0la July 16/94 . » L )
- added pertx[] for recording position of perturbation in .spp file
- erased all duplicate #includes
- added rrandomize() as seed for rrandom()

v1.00a_ June 19/94
- initial release

#ifndef _CB_H
#define_CB_H_

/* CellBot version numbers (format: #.##c) */
#define CB_MAJOR 2
#define CB_MINOR 14
#define CB_BUGFIX b’

/* lowest versions of input files compatible with present version */
#define CFG_MAJOR " 2

#define CFG_MINOR 04

#define RUL_MAJOR 2

#define RUL_MINOR 14

#define DMP_MAJOR 1

#define DMP_MINOR 00

#include <stdio.h>  /* defines FILE */
#include <stddef.h>  /* defines NULL */
#include "hash.h"

/* The following control structures are designed to make the source

code more readable. They must be used with caution! Nested loops are not
allowed because of the reference to thesqlobal variables hashcount and
nbrcount. Also, in LOOP_OVER_CELLS be very careful of how insertions and
deletions of cells are handled.  Iriserted cells may or may not be looped over!
Finally, each structure has the openln? bracket included within. Be sure not to
iorge the closing bracket at the end of the loop!

static int hashcount; /* used in LOOP_OVER_CELLS */
extern int delete flal_:g|;Q
#define LOOP_OVER_CELLS(c)

for (hashcount=0; hashcount<HASHSIZE; hashcount++) \
for (c:H[hashcount]]' ¢ != NULL; (delete_flag ? (c=c) : (c=c->next))) { \
delete fag =0;

/* Be sure that x is allocated with ivector() before calling LOOP_OVER_NBRS(). */
static int nbrcount; /* used in LOOP_OVER_NBRS & LOOP_OVER_FLIP_NBRS */
static int nbrrun;
#define LOOP_OVER_NBRS(cx,x)
for (nbrcount=1;nbrcount<=maxnbrs;nbrcount++) { \
for (nbrrun=1; nbrrun<=dim; nbrrun++)
xfnbrrun] = cx[nbrrun] + nbrx[nbrcount][nbrrun];

/* LOOP_OVER_FLIP_NBRS loops over all cells TO WHICH c IS A NEIGHBOR. This
is NOT necessarily thé same as LOOP_OVER_NBRS if the neighborhood is asymmetric. */
#define LOOP_OVER_FLIP_NBRS(cx,X)
for (nbrcount=1;nbrcount<=maxnbrs;nbrcount++) { \
for (nbrrun=1; nbrrun<=dim; nbrrun++)
xfnbrrun] = cx[nbrrun] - nbrx[nbrcount][nbrrun];
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LOOP_OVER_SPACE(x) loops from x=minx to x=maxx. x must be defined
before calling This structure.

Modifications:
v2.05a Aug 15/94
- new

*/

static int spccarry;

static int scgn:run;

#define L QP_OVER_SPA.CEQ() .
ivector_cpy(x,minx,1,dim);
x[dim]-=; \
while (1) { \

spccarry=1; \

for (spcrun=dim; spcrun>=1 && spccarry; spcrun--) {\
x[spcrun]++; \
if (x[spcrun] > maxx[spcrun]) { \

x[spcrun] = minx[spcrun]; \
spccarry = 1;
}else \
spccarry \: 0; \

|}f (spccarry) break;

* %Iobal vars. */. . )

extern char preflx[f255]; [* output file(s) prefix _*/

extern char dumpfname[255];  /* name of dumpfile */

extern long count_live; . * statistic: count of live cells */
extern long count_activity;  /* statistic: sum of changes _*/
extern !ong sum_activity; [* statistic: sum of count_activity */
extern int *pertx; /* location of perturbation */

/* function prototypes */ .
extern void addneighbors(void); . o .
extern void version_cmp(FILE™*f, char *ftype, int major, int minor);

#endif /* CB H_ *

fileio.c

/*

fileio.c

Copyright 1994,95 Hendrik J. Blok
. Routines to simplify file input/output operations.
#include <stdlib.h> /* defines getenv() *
#include "fileio.h" /* includes <stdio.h>  */
#include "strops.h" /* includes <string.h> */

}:*har *expand_fn(char *fn)

Expands filename by re%Iacin "~" with the contents of environment
variable home. If in'MSDOS then replaces occurences of "/" with "\"
else replaces "\" with "/".

*
{ char *home=getenv("HOME");
/* replace "~" with home (just the first occurence) */
str_replace_str(fn,"~",home,1);
/* replace path separators (ie. "/" and "\" */
#ifdepf _MpSDOS P ¢ )
str_replace_str(fn,"/","\",-1);
#else
) str_rm)lace str(fn,"\","/",-1);
#endif /¥ —_MSDOS__*/
return fn;
}

/IiILE *_fopen(char *fname, char *mode)

Interactive file open with some error trapping.

*
{
FILE *f;
for (f = fopen(fname, mode); f == NULL;) {
if (strchr(mode,'w')€| strchr(mode,'a') 1| strchr(mpde,'+")2
| printf(“Error: Unable to open output file '%s".\nEnter new path and name: ", fname);
else
printf("Error: Unable to find file '%s'.\nEnter new path and name: ", fname);
scanf("%s", fname);
) f = fopen(fname, mode);
return f;
}

i/gt fnextc(FILE *f)

Preview next character from file without skipping over it.

*

{ int cf; el
¢ = fgetc(f);
ungegtc(c, 2);

) return(c);

void fstrip(FILE *f)
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Strips comment lines (lines beginning with remc) from the input file.

Modifications:
May 19/95 .
. - replace fgets() with search for "\n". Don't need STRLEN anymore.
{
char c;
while (((c = fnextc(f)) == remc) || c_in_s(c,softspaces)) {
if (c ==remc
while (c !="\n' && ¢ != EOF) c=fgetc(f);
}else {
fgete(f);
) }
}

int _feof(FILE *f)
/*

Check if end-of-file is imminent. Strips comments.

*
{ fstrip(f);
) return(feof(f) || fnextc(f) == EOF);

}:*har fnextline(FILE *f)

Jump to next line of input file. Returns last character read (can be
used to check for end-of-file).

*/
{ char c;
?e (c '— '\n && c != EOF) c=fgetc(f);

retum c;

!
fileio.h

/*

fileio.h

Copyright 1994,95 Hendrik J. Blok

Utilities to simplify file input/output. Designed to work under MSDOS
. and UNIX.

#ifndef _FILEIO_H

#define_FILEIO_H_

#include <stdio.h> /* defines FILE */
#define remc #
#ifdef __MSDOS /* needed for access() */
#include <io.h>
#define F_OK 0
#define W_OK 2
#else

#include <unistd.h>  /*for F_OK & W_OK */
#endif

/* these use access() */
#define fexist(fname

access(fname, F_OK) = &
#define fwritep(fname) )

access(fname, W_OK) ==
char *expand fn(char *);

int fnextc(FILI l

void fstn FILE )

int _feof '2

charfnextllne( ILE *f);

#endif  /*_FILEIO_H_ *

hash.c
CellBot - hash.c
Copyright 1994 Hendrik Jan Blok
Functions for referencing and updating hash table.

*,

#include <stdlib.h> /* defines malloc() free(? labs() . */

#include "cb.h" /* defines delete_flag, includes hash.h */

#include "rules.h" /* defines dim, deadstate *

#include "pandora.h” [* defines runtime_err . .

#include "nrutil.h" /* defines ivector(), free_lvector(), ivector_cpy(), ivector_cmp(), CMP_EQUAL

Hashtable_type H;
int Hash(int *x); /* prototype */
}:*ell *getcell(int *x)

ﬁeeturns the cell with coordinates (x,y). If cell not found then create
it.
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Modifications:

v2.11 Mar 14/95
” - initialize mixflag to 0

int location;
cell *p;

p= | etcell(x);
If ULL return p;
/* Ise must create a new ceII initialize it, and insert it into the
hash table. */
(cell Ejmalloc(saeof(cellz)
( r

untime_err("Out of memory in getcell()"); /* abort */

p->Xx= |vector(1 dim);
Ivector cpg/(p ->X, X, 1d|m)
p->stafe= adstate

p- >newstate deadstate

P m|xfla'9| . .
ocation=Hash(x); /* insert in front of H[]

if (H[location '—)NULL
[location])->prev=p;
p->next=H[location];
Ei>prev NULL;
[tlocatlon] p;
return p;

}

cell *ni_getcell(int *xg
I* Returns the cell with coordinates (x,y). If cell not found then return
{\IULL (no insertions).

int location;
cell *p;

location=Hash(x);
p=H[locat |c1n{J
LL){

Whlle (p'=N
if (llvector cmp(p->x,x,1,dim, CMP_LESS | CMP_GREATER))
else

) p=p->next;

return p;

}

void delete_cell(cell **c)

[* Deletes a cell from the hash table. Returns a pointer to the next cell
|{n the hash table. *

cell *prev, *next;

int location;
prev = (*c)->prev; next = (*c)->next;
[* update Ilnks (|nc|ud|ng hash) */
if (next = next->prev = prev;
if (prev = NULL prev->next = next;
else {
setH * .
- location = Hash((*c)->x);
) H[location] = next;
/* free memoy
free_ivector((*c)->x,1 dlm)
free(®c);
delete_flag = 1;
*C = néxt;

}

int Hash(int *x)

/* Returns thehash-key for accessing HH This routine is optimized for
two dimensions. In higher d|men5|onst is choice may not maximize the
spread or minimize collisions.

if (dim >=2) .
| return (int) (labs(x[1][+FACTOR*x[2]) % HASHSIZE);
else
) return (int) (labs(x[1]) % HASHSIZE);
/*turn off "___ ' declared but never used warning */

#pragma warn -use

hash.h

CellBot - hash.h

. Copyright 1994 Hendrik Jan Blok

#ifndef _HASH_H
#define_ HASH_H_

#define FACTOR 101
#define HASHSIZE 997

typedef struct cell_t_tag {

|nt newstate; i
int mixflag; /*new inv2.11
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int *x;

struct cell_tag *prev, *next;
} cell;
typedef cell *Hashtable_type[HASHSIZE];
extern Hashtable_type H;

/* function prototypes */

extern cell *getcell(int fx?; . [* with insertions *
extern cell *ni getcellﬂn *X); /* w/o insertions */

extern void delete_cell(cell **c);

#endif I* _HASH_H_ */

nr.h
This file can be found in Numerical Recipes [7].

nrutil.c

#ifdef __ TURBOC
—  #include <mem.h>
#endif

#include <stdio.h>

#include <stddef.h>
#include <stdlib.h>

#include "nrutil.h"

#define NR_END

#define FREE_ARG  char*

/* turn off "Conversion may lose significant digits" warning */
#pragma warn -sig

void nrerrorschar.error text[])
/* Numerical Recipes Standard error handler */

fprintf(stderr, "%s\n", error_text);
fprintf(stderr, "...now exiting to system...\n");

fprintfgstderr, "Numerical Recipes run-time error...\n");
exit(1);

}

[rrkkkkkkkkkR Rk

ALLOCATE VECTOR
*******/

float *vector(long nl, long nh) .
é* allocate a float vector with subscript range v[nl..nh] */

float *v;

yzgfloat *)malloc((size t) ((nh-nl+1+NR_END)*sizeof(float)));
if g.v nrerror("allocation failure in"'vector()");
return v-nl+NR_END;

}

int *ivector(long nl, long nh) .
é* allocate an int vector with subscript range v[nl..nh] */

int *v;

yzgint *)malloc((size_t? ((nh-nl+1+NR_END)*sizeof(int)));
if g.v nrerror("allocation failure n ivector()");
return v-nl+NR_END;

}

unsigned char *cvector(long nl, long nh) .
/* allocate an unsigned char vector with subscript range v[nl..nh] */

unsigned char *v;

yzgunsigned char *)malloc((size_t) ((nh-nl+1+NR END)*sizeof(unsigned char)));
if g.v) nrerror("allocation failure in cvector()");
return v-nl+NR_END;

}

unsigned long *Ivectoglong nl, long nh) .
f* allocate an unsigned long vector with subscript range v[nl..nh] */

unsigned long *v;
unsigned Iong:ﬁ;nalloc((size t) (nh-nl+1+NR .END)*sizeof(unsigned long)));

i év) nrerror(“allocation failure in Ivector()");
return v-nl+NR_END;

V=

}

double *dvector(long nl, long nh) .
/* allocate an double vector with subscript range v[nl..nh] */

double *v;
yzgdouble *)malloc((size_t) ((nh-nl+1+NR_END)*sizeof(double)));
" }

if g.v) nrerror(“allocation failure in dvector()");
return v-nl+NR_END;

}

fcomplex *Cvector(long nl, long nh) .
/* allocate a complex vector with subscript range v[nl..nh] */

fcomplex *v;
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y:?fcomplex *)malloc?(size_t) g(nh-n|+1+NR ENDgfsizeof(fcomplex)));

if g.v) nrerror("allocation failure in Cvector()"
return v-nl+NR_END;

}

dcomplex *dCvector(long nl, Ion% nh) .
/* allocate a double complex vector with subscript range v[nl..nh] */

dcomplex *v;

yzgdcomplex *)mallocf(size_t) ((nh-nl+1+NR_END)*sizeof(dcomplex)));
if g.v) nrerror("allocation failure in dCvector()”);
return v-nl+NR_END;

}

float **matrixilong nrl, long nrh, long ncl, long nch}
é* allocate a float matrix with subscript range m[nrl..nrh][ncl..nch] */

long i, nrow=nrh-nrl+1, ncol=nch-ncl+1;
float **m;

/* allocate pointers to rows */ .
m=(float ** maIIocé size, tz ((nrow+NR ENDFSIZ?Of(ﬂOﬁt*)));

if (!m) nrerror("allocation failure 1in matrix()");
m +="NR_END;
m -=nrl;

/* allocate rows and set pointers to them */ .
m[nrl]=(float *) mallocf(sae_t) r((nrow*ng:o|+NR_END)*mzeof(ﬂoat)));
if (!m[nrl]) nrerror("allocation failure 2 in matrix()");

m[nrl] += NR_END;

minrl] -= ncl;™

for (i=nrl+1;i<=nrh;i++) m[i]=m[i-1] + ncol;

/* return pointer to array of pointers to rows */
return m;

}

double **dmatrix(long nrl, long nrh, long ncl, long nch%
é* allocate a double dmatrix with subscript range m[nrl..nrh][ncl..nch] */

long i, nrow=nrh-nrl+1, ncol=nch-ncl+1;
double **m;

/* allocate pointers to rows */ .
m=(double **) malloc‘(sae_t) g(nrow+NR END)*?)lzgof(double*)));

if (!m) nrerror("allocation failure 1 in"dmatrix()");
m+= NIR_END;
m -=nrl;

/* allocate rows and set pointers to them */ .
m[nrl]=(double *) malloc((size_t) ((nrow*ncol+NR_END)*sizeof(double)));
if ('m[nrl]) nrerror("allocationTailure 2 in dmatrix()");

m[nri] += NR_END;

minrl] -= ncl;

for (i=nrl+1;i<=nrh;i++) m[i]=m[i-1] + ncol;

/* return pointer to array of pointers to rows */
return m;

}

int **imatrix(long nrl, long nrh, long ncl, long nch%
é* allocate a int imatrix with subscript range m[nrl..nrh][ncl..nch] */

!ong i, nrow=nrh-nrl+1, ncol=nch-ncl+1;
int ¥m;

/* allocate pointers to rows */ . .
m=(int **) malloc((size_t) g(nrow+NR END)*saeofSlnt*)));

if (!m) nrerror("allocation failure1 in imatrix()");
m+= NIR_END;
m -=nrl;

/* allocate rows and set pointers to them */ . .
m[nrl]=(int *) malloc((size_t) ((nrow*ncol+NR_END)*sizeof(int)));
if ('m[nrl]) nrerror("allocation failure 2 in imarix()"

m[nrl] += ;
mnrl] -= ncl;

f

for (i=nrl+1;i<=nrh;i++) m[i]=m[i-1] + ncol;

/* return pointer to array of pointers to rows */
return m;

}

/* turn off "Parameter never used" warning */
#pragma warn -par

float **submatrix(float **a, long oldrl, long oldrh, long oldcl, long oldch, long newrl, long newcl)
é* point a submatrix [newrl..][newcl..] to a oIdrI..oIdri%[oIdcl..oIdch] */

lon |1 nrow=oldrh-oldrl+1, ncol=oldcl-newcl;
float **m;

/* allocate array of g)ointers to rows */

m=(float **) malloc S|ze_t2_ ((nrow+NR_END)*sizeof(float*)));
if (!m) nrerror("allocation failure in submatrix()");

m +='NR_END;

m -= newrl;

[* set pointerstorows */ L
for (i=oldrl,j=newrl;i<=oldrh;i++,j++) m[j]=a[i]+ncol;

/* return pointer to array of pointers to rows */
return m;
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}

float **convert_matrix(float *a, long nrl, long nrh, long ncl, long nch)

/* allocate a float matrix m nrl..nrh?[ncl..nch that points to the matrix
declared in the standard C manner as a[nrow][ncol], where nrow=nrh-nrl+1
and ncol=nch-ncl+1. The routine should be called with the address
i&a[o][o] as the first argument. */

lon i,1,nrow:nrh-nrI+1,ncoI:nch-nc|+1;
float **m;

/* allocate pointers to rows */ .
m=(float **) malloc (sme_t?l ((nrow+NR_END)*sizeof(float*)));
if (!m) nrerror("allocation failure in"convert_matrix()");

m +="NR_END;

m -=nrl;

/* set pointers to rows */

m[nrll=a-ncl; o I

for (i=1,j=nrl+1;i<nrow;i++,j++) m[j]l=m[j-1]+ncol;

/* return pointer to array of pointers to rows */

return m;
}
/********************
FREE VECTOR
*****/

void free_vector(float *v, long nl, long nh)
/* free a float vector allocated with vector() */

) free((FREE_ARG) (v+nl-NR_END));

void free_ivector(int *v, long nl, long nh)
/* free an int vector allocated with ivector() */

) free((FREE_ARG) (v+nl-NR_END));

void free_dvector(double *v, long nl, long nh)
/* free a double vector allocated with dvector() */

) free((FREE_ARG) (v+nl-NR_END));

void free_Cvector(fcomplex *v, long nl, long nh)
/* free a complex vector allocated with Cvector() */

) free((FREE_ARG) (v+nl-NR_END));

void free_dCvector(dcomplex *v, long nl, IongI n@
/* free a double complex vector allocated with dCvector() */

) free((FREE_ARG) (v+nl-NR_END));

void free_matrix(float **m, long nrl, long nrh, Ionlg ncl, long nch)
/* free a float matrix allocated with matrix() *

free((FREE_ARG m[nrq+ncI-NR END));
) free((FREE_ARG) (m+nrl-NR_END));

/* turn on "Parameter never used" warning */
#pragma warn +par

[k ARk

COPY VECTOR

float *vector_cpy(float *dest, float *src, long nl, long nh)
é* copies vectorsrc to dest. Returns dest. */

return (float *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(float));

}

int *ivector_ch(int *dest, int *src, long nl, long nh)
é* copies vector src to dest. Returns dest. */

return (int *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(int));

}

unsigned char *cvector_cpy(unsigned char *dest, unsigned char *src, long nl, long nh)
é* copies vector src to dest. Returns dest. */

return (unsigned char *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(unsigned char));

}

unsigned Ion? *lvector cp{/(unsigned long *dest, unsigned long *src, long nl, long nh)
é* copies vector src to dest. Returns dest. *

return (unsigned long *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(unsigned long));

}

double *dvector_cpy(double *dest, double *src, long nl, long nh)
é* copies vector'srcto dest. Returns dest. */

return (double *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(double));

}

fcomplex *Cvector_cpy(fcomplex *dest, fcomplex *src, long nl, long nh)
é* copies vector src to dest. Returns dest. */

return (fcomplex *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(fcomplex));

}
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dcomplex *dCvector_cpy(dcomplex *dest, dcomplex *src, long nl, long nh)
é* copies vector src fo dest. Returns dest. *

return (dcomplex *)memcpy((void *)(dest+nl), (void *)(src+nl), (nh-nl+1)*sizeof(dcomplex));

}
/*********************
COMPARE VECTORS
*kkkkkkkkk***********/
I* Compares two vectors, vl and v2, over the range [nl..nh]. Compares
each element in turn, returning a 1 or 0 depending on whether ANY
elements match the mask.
For example,
if vector_cmp(v1,v2,...,CMP_LESS | CMP_GREATER) == 0 then v1 == v2,
note: this would have returned 1 if ANY elements of v1 had been .
either less than or greater than v2. We don't require
that there exist both elements which are less than and
elements which are greater than v2!)
if vector_cmp(v1,v2,...,CMP_LESS) == 1 then at least 1 element of v1
is less than v2,
So, to check if v1 (strictly) <= v2 you might use
I(vector_cmp(vl,v2,...,.CMP_GREATER)
which means that it is not the case that any of the elements of v1
" are larger than v2.

/* Generic vector comparison routine. Use in all vector comparisons
where < and > valid for comparing elements of v1 and v2. */
#define GEN_VECTORvC P long j;

intm=0;
\
\
\ for (j=nl; j<=nh; j++) {
if v1[j] < v2[j m =
CMP_LESS; \ (0] )
else if (v1[j] > v2[i]) m |= CMP_GREATER;\
else
m |= CMP_EQUAL; \
\
\ /* if m contains mask then break */
\ if (mask & m) return 1;
return 0O;

int vector_cmp(float *v1, float *v2, long nl, long nh, int mask)

) GEN_VECTOR_CMP;

int ivector_cmp(int *v1, int *v2, long nl, long nh, int mask)

) GEN_VECTOR_CMP;

int cvector_cmp(unsigned char *v1, unsigned char *v2, long nl, long nh, int mask)

) GEN_VECTOR_CMP;

int lvector_cmp(unsigned long *v1, unsigned long *v2, long nl, long nh, int mask)

) GEN_VECTOR_CMP;

int dvector_cmp(double *v1, double *v2, long nl, long nh, int mask)

) GEN_VECTOR_CMP;

/* turn on "Conversion may lose significant digits" warning */
#pragma warn +sig

/*turn off™___ ' decalred but never used" warning */
#pragma warn -use

nrutil.h
#ifndef _NR_UTILS H
#define_ NR_UTILS_H_

typedef struct FCOMPLEX {float r,i;} fcomplex;
typedef struct DCOMPLEX {double r,i;} dcomplex;

static float sqrarg;

#define SQR(a) ((sqrarg=(a)) == 0.0 ? 0.0 : sqrarg * sqrarg)
static double dsqgrarg;
#define DSQR(a ((dsgrarg=(a)) == 0.0 ? 0.0 : dsqrarg * dsqrarg)

static double dmaxargl, dmaxarg2;
#define DMAX(a,b) (dmaxargl=(a), dmaxarg2=(b), dmaxargl > dmaxarg2 ? dmaxargl : dmaxarg2)
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static double dminargl, dminarg2; . . . . .
#define DMIN(a,b) {dminarg1l=(a), dminarg2=(b), dminargl < dminarg2 ? dminargl : dminarg2)

static float maxargl, maxarg2;
#define FMAX(a,b) ' (maxargl=(a), maxarg2=(b), maxargl > maxarg2 ? maxargl : maxarg2)

static float minargl, minarg2; . . . . .
#define FMIN(a,b) (minargl=(a), minarg2=(b), minargl < minarg2 ? minargl : minarg2)

static long Imaxarg1, Imaxarg2;
#define LMAX(a,b) (Imaxargl=(a), Imaxarg2=(b), Imaxargl > Imaxarg2 ? Imaxargl : Imaxarg2)

static long Iminarg1, Iminarg2; . . . . .
#define LMIN(a,b) (Iminarg1=(a), Iminarg2=(b), Iminargl < Iminarg2 ? Iminargl : Iminarg2)

static int imaxargl, imaxarg2; . . . . .
#define IMAX(a,b) (imaxargl=(a), imaxarg2=(b), imaxargl > imaxarg2 ? imaxargl : imaxarg2)

static int iminar%l, iminarg2; o o o o o
#define IMIN(a,b) (iminargl=(a), iminarg2=(b), iminargl < iminarg2 ? iminargl : iminarg2)

#define SIGN(a,b) ((b) >= 0.0 ? fabs(a) : -fabs(a))

/* ANSI C compatible function prototypes. */
void nrerror(char error_text[]);

float *vector(long nl, long nh);

int *jvector(long nl, long nh);
unsigned char *cvectorflong nl, long nh);

un5|g|ned long *lvector(| ong nl, long nh);

double dvector(long nl, long nh);

fcomplex *Cvector(long nl, long nh);

dcomplex *dCvector(long nl, long nh);

float **matrix(long nrl, long nrh, long ncl, long nchL;
double **dmatrix(long nrl, long nrh, long ncl, long nch);

int _ *Imatrix(Iong nrl, long nrh, long nei, long nch);

float **submatrix(float **a, long oldrl, long oldrh, long oldcl, long oldch, long newrl, long newcl);
float **convert_matrix(float *a, long nrl, Iong nrh, long ncl, om]:) nch);
float ***f3tensor(long nrl, long nrh, long ncl; long nch, long ndl, long ndh);

\'e]
VO
VO
VO
\'e]
\'e]
)]

ree_vector(float *v, long nl, long nh);
ree_ivector(int *v, fong nl, long nh);
ree_cvector(unsigned char *v, long nl, long nh);
ree_Ivector(unsigned long *v, long nl, long nh);
ree_dvector(double *v, long nl, long nh);
ree_Cvector(fcomplex *v, long nl, long nh);
ree_dCvector(dcomplex *v, long nl, long nh);

VO
VO
VO
VO
VO
VO

free_matrix(float **m, long nrl, long nrh, long ncl, Iong1 nch);
free_dmatrix(double **m, long nrl, long nrh, long ncl, long nch);

ree_imatrix(int **m, long nrl, Tong nrh; long ncl, long nch);

ree_submatrix(float **b; long nrl, long nrh, long ncl; long'nch);

ree_convert matrlxgloat **b, long nrl, Ion? nrh, long ncl, Ion? nch);
ree_f3tensor(float ***t, long nrl, 16ng nrh, fong ncl, long nch, Tong ndl, long ndh);

000000 Q000000

float *vector_cpy(float *dest, float *src, I_ong nl, long nh);

int . *ivector_cpy(int *dest, int *src, long nl, long nh);
unsigned char *cvector_cpy(unsigned char *dest, unsigned char *src, long nl, long n );
un5|g|ned long *lvector__cpy(unsigned Ioné; *dest, unsigned long *src, long nl, Ionghnh);
double *dvector_cpy(double *dest, double *src, long nl, long nh);
fcomplex *Cvector_cpy(fcomplex *dest, fcomplex *src, long nl, long nh);
dcomplex *dCvector_cpy(dcomplex *dest, dcomplex *src, long nl, long nh);

#define CMP_LESS 0ox1
#define CMP_EQUAL ox2
#define CMP_GREATER Ox4

int vector_cmp(float *v1, float *v2, IOHP nl, Ionﬁ nh, int mask);
int ivector_cmp(int *v1, int *v2, Ionlg nl, long nh, int mask); .

int cvector_cmp(unsigned char *vI, unsigned char *v2, long nl, long nh, int mask);
int Ivector _cmp(unsigned Iong *v1, unsigned long *v2, long nl, long nh, int mask);
int dvector_cmp(double *v1, double *v2;long nl, Tong nh, int mask();

#endif /* _NR_UTILS_H_*/

pandora.c
/*
* Pandora.c . -
:/ A "Pandora’s Box" of useful functions and utilities.

#include <ctype.h>
#include <stdio.h>
#include <stdlib.h>
#include <string.h>
#include <time.h>

#ifdef __ MSDOS
~  #inclade <conio.h>

i/gt query(const char *s)
:/Asks a question and waits for a y/n response.

{ .
intc;
dof intf("%s (y/n)
rintf("%s (y/n) ",s);
] ez toupper){getche());
} while ((c I="Y") && (¢ !="N"));
if (c =="Y") return 1;
) /* else */ return O;
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#endif  /*__MSDOS__ *

int elapsed(time_t *was, time_t seconds) .
/* if "seconds" of more seconds have elapsed since last call to elapsed()
:/returns 1, else 0. If true then also resets was to current time.

{ )
time_t now;
time(&now);
if (now - *was >= seconds) {

*was = now,
return 1;
}* else */  return O;

}

void runtime err&ghar error textp)

{* un-time error handler */
fprintf(stderr,"Run-time error...\n");
fprintf(stderr,"%s\n", error_text);
fprintf(stderr,"...now exiting to system...\n");

) exit(1);

void switchptr(void **a, void **b)
f* Switches the pointers a & b. */

}/oid *tt(a*m ;
emp=(*a);
*a:’Pb;
*b=temp;

}

pandora.h
* Pandora.h . -
:/ A "Pandora’s Box" of useful functions and utilities.

#ifndef _PANDORA_H_
#define _PANDORA_H_
#include <time.h>

/* returns a % b. Gives a positive result evenifa < 0. */
#define absmod(a,b) ((a) % (b) + (((a) <0) ? (b) : 0))
/* min & max */
#ifndef __MSDOS__
#define min(a,b) ((@) < (b) ? (a):(b)
sendif #define max(a,b) (a) > (b) ? (a):(b))
endi

/* the variable swap needs to be declared */
#define SWAP(a,b {swap=(a);(a)=(b);(b)=swap;}

[* function prototypes */ . .
int . query(const char *s); /* Asks a question and waits for a y/n response. */
int elapsed(time_t *was, time_t seconds); .

. /* returns non-neg if seconds or more have
elapsed since last call */ .
void runtime_err(char []); /* Run-time error handler. *)
void switchpfr(void *, void *); /* Switches 2 pointers */

#endif  /*_PANDORA H_ ¥

ranl.c
This file can be found in Numerical Recipes [7].

record.c
CellBot - record.c
Copyright 1994 Hendrik Jan Blok
Routines for analyzing system and recording results.

Note: The hash table MUST CONTAIN ONLY LIVE CELLS when calling these
routines! See Madifications: v1.02a.

Modifications:

v2.13a May 9/95 .
- changed ptararﬂetetrt in record_cps(), record_sps(), record_spp()
0 a floa

v2.06a Oct 1/94 . .
- renamed radlus_sqyaredgvto dist_sqr() and modified so now
calculates separation between any two points

- renamed cutoff_radius() to halfcount_radius()

v2.03b Aug 11/94 ) o
- now writes "# CellBot v#.## Dump File" on first line of dump
file to support version_cmp
- fscan_dump() supports version_cmp()
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v1.02c July 20/94 . . L o
- cutoff_radius() now finds SMALLEST r which satisfies criteria.
- print version number in data file headers

v1.02b July 19/94 . .
- new (simpler) version of cutoff_radius()

v1.02a July 18/94 .
- added routine cutoff_radius() .
- eliminated double cﬁeckln%o_f live() and inbounds(). Assumes all
cells in hash table are both live and in bounds. .
- erased routine packingdens() which assumed hash table consisted
of live cells and neighbors.

*/

#include <math.h> /* defines sqrt()  */ . - ) .

#include "cb.h" * defines LOOP_OVER_CELLS(), count_live, count_activity, prefix, dumpfname, addneighbors() */
#include "rules.h" /* defines dim, sync */

#include "stable.h" /* defines maxperiod */ . .

#include "pandora.h” /* defines runnme_err(?, time_t, time(), ctime() */

#include "fileio.h" [* defines fstrip(), remc, _feof() ¥/ . .

#include "nrutil.h" /* defines SQR(), vector(), freé_vector(), ivector(), free_ivector() */

/* These are placed at the heads of files to describe the columns of data.
See fprint cellsq_l& fprint_stats(). = */

#define CELLS HEADER "<position ...>\t<state>"

#define STATS_HEADER "<live>\t<center ...>\t<r_cut>\t<r_g>"

/* used by halfcount_radius() to determine fractional accuracy of r  */
#define EPS le-2

/* function prototypes */

void fprint_headeriFlLE *f, char *s);
void fscan_cells(FILE *f);

[xxx BEGIN STATISTICS *****/

)/*oid center_of_mass(float *x)
Calculates the center of mass of the system. Weights all live cells
equally.
inti;
cell *c;
for (i=1; i<=dim; i++) x[i]=0.0;
[* error traP */
if (lcount_live) return;
LOOP_OVER_CELLS(c)

for (iI=1; i<=dim; i++)
x[i] += c->x]i];

for (i=1; i<=dim; i++) x[i] /= 1.0 * count_live;
}
;I*oat dist_sqr(float *x1, int *x2)
Calculates distance squared from center of mass. Returns 0
if x is NULL. Assumes first arg. is float array and second is integer
array.
Modifications:
v2.06a Oct 1/94 . .
- renamed from radius_squared() to dist_sqr()
” - assumes second argument is integer vector.
{ inti;
float sum2 = 0.0;
[* error trapping  */
if (Ix1 || 'x2) return 0.0;
for (i=1; i<=dim; i++). .
sum2 += SQR(x1[i]-(float)x2[i]);
return sumz;
}
;I*oat radius_gyration(float *cm)
Returns the radius ofgk/ration of the system (as in inertia). We assume
Euclidean ﬁeome_try (d"2 = x"2 + y*2 + ...) and weight all non-dead states
equally. The radius of gyration is measured around cm (typically the
center of mass) to give a characteristic "length" for the system.
NOTE: halfcount_radius() seems to give better results for "Life", but
this is kept forerror checking.
float sum2 = 0.0;
ell *c;

[* error tralp */
if (lcount_live) return 0.0;

LOOP_OVER_CELLS(c)
sum2 += dist_sqgr(cm, c->x);

} .
return sqrt(sum2/count_live);

105



}
I/t*Jng r_countlive(float *cm, float maxr2)

Used by halfcount_radius() to count the number of live cells within a
radius r of the center of mass.

cell *c;
long count = 0;

/* We want to work in "2 so we first square maxr2. */
maxr2 *= maxrz;

/* Count all cells with r'2 <= maxr2 */
LOOP_OVER_CELLS(c)
if (dist_sqgr(Cm,c->x) <= maxr2) count++;

return count;

}

;I*oat halfcount_radius(float *cm)

Another measure of the characteristic size of the system. In 'Life'
9I|dt%rs cause a gross overestimation of the radius of gyration so we
ry this.

It works by assuming the system is a localized cluster with a uniform
distribution. Then the volume within a radius r is proportional to the
count of live cells in that area. This function does a binary search

for the radius which gives a count of half the total number of live
cells. Doubling the area would then encompass the entire cluster, so
we return the radius of this doubled area.

This is useful for systems which are fairly localized with long tendrils
which invalidate the radius of gyration.

Modifications:

v1.02b July 19/94 .
- rewrote routine. Is now faster and simpler.

const infinity = -1.0;
static float rsave = 1e3; /* initial guess  */

float r = rsave,
r10=00,
r_hi = infinity; . o .
long@ countr; /* count of live cells within radius r */
/* binary search  */
do .
countr = r_countlive(cm,r);
if (2*countr < count_live) r_lo=r;

/* if too big or perfect then decrease (find smallest) */
else r_hi=r;

if (r_hi == infinity) r *= 2.0;
s v) . (r_lo+r_hi)/ 2.0;

/* only break when r found to EPS fractional accuracy */
} while (r_hi==infinity || r_hi-r_lo > r*EPS);

/* Full radius is such that full area is twice that spanned by r. */
) return pow(2.0,1.0/dim) *r;

[Fxxx END STATISTICS ****x/

void fprint_qells‘{F]LE i) . . .
/* Prints a list of live cells within boundaries to file. Records a list
?f coordinates separated by tabs followed by the cells state. */

cell *c;
inti;
LOOP_OVER_CELLS(c)
for (=1; i<=dim; i++)
fprlntf' f, -%.'.\t s c->xP] ; .
fprintf(f,"%i\n", c->state); /* print state */

/* print coordinates  */

}
)/*Oid fprint_stats(FILE *f)

Prints a [ist of statistics to file. Does not print decay time--that
is done in record_spp(). Modify this to choose the desired statistics.

Modifications:
v1.02a July 18/94 . . .
" - now prints cutoff_radius() as well as radius_gyration()

inti;
float *cm = vector(1,dim);
float r_g;

fprintf(f,"%li\t", count_live);
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center_of_mass(cm);
for (i=T; i<=dim; i++
fprintf(f,"%.2f\t", cmli]);

r_g = radius %/ration(cm}' .
fprintf(f,"%.27t%.2f\n", hafcount_radlus(cm), r_g);

free_vector(cm,1,dim);

}

void record_c| s(Ionﬁ Pert, float t) . .
é* Record cells each time step. Records to a new file with each call. */

char sl255];
FILE *f;

/* Note: this won't work in DOS because of the 8.3 filename
restriction. */

sprintf(s,"%s%li-%.2f.cps",prefix,pert,t);

f = fopen(s,"w"); .

if ((==NULL) ‘runtime_err("Could not open .cps file");

sprintf(s, "Cells Per Stép\n%s", CELLS_HEADER);

fprint_header(f,s);

fprint_cells(f);

) fclose(f);

void record sps(lon% ?ert, float t) o L
/* Record stats each time step. 'Record time index in first column and
activity in second. Records to same file with multiples calls. */

char sl255];
FILE *f;

static long initpert =-1;  /* always want to write header on first */
. . /* call. Assumes pert!=-1. */
sprintf(s,"%s%li.sps",prefix,pert);
f = fopen(s,"a"); . .
if Sf:;NU L) ‘runtime_err("Could not open .sps file");
[*1f first call'to this file Then print header. */
if (initpert==pert || initpert==-1) { .
sprintf(s, "Statistics Per Step\n<t>\t<activ>\t%s", STATS_HEADER);
fprint_header(f,s);
initpert = pert+1;

. fprintf(f, "%.2A\t%li\t",t,count_activity);
fprint_stats(f);
) fclose(f);

void record_ch(Iong pert) . . .
i* Record cells each perturbation. Records to a new file with each call.

{
char s[255];
FILE 4; ]

sprintf(s,"%s%li.cpp”,prefix,pert);
f = fopen(s,"w"); " )
if ((==NULL) ‘runtime_err("Could not open .%)p f||e"g
sprintf(s, "Cells Per Perturbation\n%s", CELLS_HEADER);
fprint_header(f,s);
fprint_cells(f);

) fclose(f);

}/*oid record_spp(long pert, float t)

Record stats each perturbation. In addition to stats recorded b: .
fprint_stats(), it also records the perturbation count and the decay time
in the second column). Records to same file with all calls.

Note: the decay time is t-2*maxperiod because the system must have been
stable for 2*maxperiod steps before it is recognized as stable.

Modifications:

v2.13a May 9/95 .
- tis scaled by sync so also have to scale maxperiod by sync below.

v1.0la July 19/94
- record location of perturbation

char ﬂ255];
FILE 5.
static init=1,
inti;
sprintf(s,"%s.spp",prefix); /* prefix must contain filename */
f = fopen s,"a")F;) . )
!¥ E_:_T)N{U L) ‘runtime_err("Could not open .spp file");
if (ini
sprintf(s, "Statistics Per Perturbation\n<prt>\t<time>\t<activ>\t<pert site ...>\t%s", STATS_HEADER);
_fp,rtmt_O eader(f,s);
init =0;

forf(i:'lt;f(i; :09 i{P Dot )}
rintf(f, "%i\t", pertx[i]);
fpriﬁt stats(ff; P

} fclose(f);

Vi

- Dumping routines.

}printf(f, "%Ii\t%.2f\t%li\t", pert, t-2.0*sync*maxperiod, sum_activity);
s it
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)/oid fscan_dump(long *pert, unsigned long *t)

Reads in the dumpfile. Sets pert & t to the values found therein and
fills the hash table.

Modifications:

v2.03b Aug 11/94
- added support for version_cmp()

FILE *f;

f = fopen(dumpfname, "rl':';;
version_cmp(f, "Dump" MP_MAJOR, DMP_MINORY);

4* get ert&t*/

strip

fScan f "%li", pert); fstrip );

fscanf(f. "%lu", t); fstrip(f);

fscan cells(f) /* get Ilst of cells & insert into Hash */
fclose(f);

}
)/oid fprint_dump(long pert, unsigned long t)

Records current pert & t in first line of file. Following lines are
a list of live cells.

Modifications:
v2.03b Aug 11/

94
- now prints "# CellBot v#.## Dump File" on first line to support
version_cmp()

*
t FILE *f;
f = fopen(dumpfname, "w"); /* overwrite file */
fprinti(f, "Y%c eIIBot V%i. %02| Dump File\n", remc, CB_MAJOR, CB_MINOR);
fprint_header Sf ump file");
fprintf(f, "%li\td%lu\n\n", pert, t) /* put pert&t */
fprint ceIIs(f) cells */
) fclose(f);

)/*oid fprint_header(FILE *f, char *s)

Prints a header line to the desired file. Uses remc which defines
a comment line (found in fileio.h). Also adds date & time stamp.

char *c;
time_t stamp;

{pnntfft”%c CellBot v%i.9%02i%c Data File\n", remc, CB_MAJOR, CB_MINOR, CB_BUGFIX);
ime(&stam
fprintf(f," %cpA)s" remc, ctime(&stamp)); /* ctime() adds \n'  */
fprlntff "%cC " remc)
for (c=s; c—'\'c++{
Prlntf(f "%c",*C);
(*c=="n") fprlntf(f "%c ",remc);

) printf(f, "\n");

void fscan_cells(FILE *f
/* Reads [ist of cells (and their states) from a file into the hash table. */

int *x,
S,

i
celi *c;

X = |vect0r(l dim);
while feof(f)) "

for (i=1; i<=dim +) {
fscanf(f ”%l" x+| fstrip(f);

scanfgf "%i", &s); fstrip(f); /* read state */
c = getce I(x) 7* insert cell into hash table */
c->state = s; /* set cell state */

/* read position  */

%ree_ivector(x,l,dim);

}

/*turn off "___ ' declared but never used" warning */
#pragma warn -use

~ record.h
CellBot - record.h
Copyright 1994 Hendrik Jan Blok
Modifications:
v2.13a  May 9/95
" - in‘record_cps(), record_sps(), record_spp() changed t to a float

#ifndef _RECORD_H
#define_ RECORD_H_
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void record_cps(long pert, float t);
void record_sps(long pert, float t;
void record_cpp(long pert);

void record_spp(long pert, float t);

’

void fscan_dump(long *pert, unsigned long *t);
void fprint__dum;% S oo o %);)

ong pert, unsigned long
#endif /* _RECORD_H_ */

rrandom.c
/*

rrandom.c

A collection of random number routines designed to work with the
generators in Numerical Recipes. To switch random number generators
" change the called function in rrand() and link with the new routine.

#include <stdlib.h>
#include <time.h>
#include "rrandom.h"
#include "nr.h"

static long rr_idum = 0;

float rrand(void) . .

/* Returns a random number between 0.0 and 1.0 using one of the routines
in Numerical Recipes. To switch routines, change it'in here.
NOTE: ranl() excludes endpoints.

*/

{ float r;
r = ranl(&rr_idum);
if gr >=1.0) r=0.0; /* ensure r<1 */
return r;

}

void rrandomize(void) o .

/* Initializes the random number generator. Initializes by setting
rand_idum to a negative number which depends on the time.” Also

” randomizes internal random number generator with srand().

{ rr_idum = (Iong time(NULL);
if (rr_idum >=0)
rr_idum = -rr_idum;
srand((unsigned)time(NULL)); /* this may be called randomize() in stdlib.n */

int flip(float prob), .
/* Returns a 1 with probability prob, else returns 0. */

if (prob <= 0.0) return O;
if (prob >=1.0) return 1;
}i rrang;) < prob) return 1;

else return O;

unsigned long rrandom(unsigtr;ed long numg
/* Returns an unsigned long between 0 and num-1. */

return (unsigned long)(rrand()*num);

rrandom.h
/*
rrandom.h
A collection of random number routines designed to work with the
. generators in Numerical Recipes.

extern float rrand(void);

extern void rrandomize(void);

extern int flip(float prob); .

extern unsigned long rrandom(unsigned long num);

rules.c
CellBot - rules.c
Copyright 1994,1995 Hendrik J. Blok
| want to keep the use of rules in CellBot as general as possible so that
the rules may be adaptable. The best way to do this is to keep the
}/arle;_bles and types in a separate file, accessed only via non-specific
unctions.

The only restriction we must have is that a deadstate cell with all deadstate
neighbors maps to deadstate.

In this case the rule file will be organized as indicated in life.rul.
Modifications:
v2.14a Jun 18/95
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- expanded random_move() and renamed it to move_cell(). Now can
 choose either a jump or a random walk.

- added mix_type to rule file.

- renamed mix_radus to mix_range

v2.12a Apr 2/95 ) o
- random_move() now can handle long-range moves. mix_radius is
the maximum distance (in"each coordinate).

v2.10a Mar 12/95
- added support for mixing. Defined mixing, mix_radius and
random_move().

v2.06a Aug 21/94 .
- tests whether rules are legal (ie. tests "dead + 0 nbrs --> dead")

v2.03a Aug 11/94 . o
- added support for version_cmp() in initrules()

*
#include <string.h> [* defines stricmgn‘j() *
#include "bounds.h" [* defines inbounds() */ . . .
. /* includes stdio.h ==> defines FILE

#include "cb.h" [* defines version_cm */ .
#include "fileio.h" /* defines FILE, fopen(), NULL, fstrip(), fscanf(), fclose() */
#include "nrutil.h" /* defines imatrix(), ivector() */
#include "pandora.h” [* defines runtime_err() = */ . .
#include "rules.h" . [* defines live() */
#include "rrandom.h" /* defines rrandom() */
/* for mix_type */
#define JUMP 0
#define WALK 1
int dim; /* dimensionality */
int maxnbrs; /* # neighbors */ . .
int **nbrx; /* matrix of integers, representing all a cell's neighbors */
int minstate, /* all cell states are in minstate..maxstate */

maxstate,

deadstate; [* cells in this state are dropped from the hash table */

float sync; /* degree of synchronisity */
int bornmin,

bornmax,

livemin,

livemax; o .
float mixing; /* mixing fraction o
int mix_range; /* range of moves when mlxmgL */
int mix_type; /* typé of mixing: JUMP or WALK */

)/*oid initrules(char rulefnamel])
Reads the rule file and interprets it.
Modifications:

v2.14a Jun 18/95
- added mix_type to rule file

v2.10 Mar 12/95
- reads mixing and mix_radius

v2.06a Aug 21/94
- branches to testrule() to make sure rules are legal
- added error checking

v2.03a Aug 11/94 .
- added support for version_cmp()

void testrules(void);

inti,j; .
FILE *rulefile;
char ms[20];

rulefile = fopen(rulefname, "r"); .

if (rulefile == NULL) runtime_err("Rule file not found.g;
version_cmp(rulefile, "Rule”, RUL_MAJOR, RUL_MINOR);
fstrip(rulefile);

[* read dimensions */ . )
fscanf(rulefile, "%i", &dim); fstrip(rulefile);
if (dim<1) runtime_err("Rule File: dim must be >=1");

/* read range of states and dead state */

fscanf(rulefile, "%i", &minstate); fstrip(rulefile);

fscanf(rulefile, "%i", &maxstate); fstrip(rulefile);

fscanf(rulefile, "%i", &deadstate); fstr;g rulefile); .

if (minstate>maxstate) runtime_err("Rule File: maxstate must be >= minstate");
if (minstate>deadstaté) runtime_err("Rule File: deadstate must be >= minstate");

if (deadstate>maxstate) runtime_err("Rule File: maxstate must be >= deadstate");
/* read maxnbrs */ . .

fscanf(rulefile, "%i", &maxnbrs); fstrip(rulefile);

if (maxnbrs<0) runtime_err("Rule File: maxnbrs must be >= 0");

if (maxnbrs > 0) { .
nbrx=imatrix(1,maxnbrs,1,dim);
for (i=1; i<=maxnbrs;i++
[* read integer sets into nbrx[i][j]. */
for (j=1; j<=dim; j++) . . )
) fscanf(rulefile, "%i", &(nbrx[i][i])); fstrip(rulefile);
}
}

/*read sync  */
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. fscanf(rulefile, "%f", &sync); fstrip(rulefile);
if (sync<0.0 || sync > 1.0) runtime_err("Rule File: sync must be >= 0.0 and <= 1.0");

/*
This block is specific to Conway's LIFE and similar rules (outer
totalistic laws). In the future | may want to generalize this to
a;:cept a string representing a symbolic expression with operators,
etc.

*

/* read bornmin, bornmayx, livemin, & livemax _*/
fscanf(rulefile, "%i", &bornmin); fstnp(ruleﬂ!e);
fscanf(rulefile, "%i", &bornmax); fstrip(rulefile);
fscanf(rulefile, "%i", &livemin); fstnpguleﬂ!e);
fscanf(rulefile, "%i", &livemax); fstrip(rulefile);

/* read mixing and mix_range * . )
fscanf(rulefile, "%f", &mixing); . fstrip(rulefile);
if (mixing<0.0 || mixing > 1. runtl_me_err.T'Rule File: mixing must be >= 0.0 and <= 1.0");
fscanf(rulefile, "%i", &mix_range); fstrip(rulefile); . . .
) if (mix_range<0) runtime_err("Rule File: mix_range must be >=
/* read mix '_(?/pe */ . .
fscanf(rulefile, "%s", ms); ) fstl'uaéruleflle);
f 1 mix_type = JUMP;

stricmd:;("\]ump",ms)::o

i
else if (stricmp("Walk",ms)== mix_type = WALK;
else

runtime_err("Rule File: mixing type not recognized");
fclose(rulefile);

testrules();

i/gt applyrules(int *n)

Returns the cell's next state. nho_..maxnbrs] holds the current state of
the cell in question, n[0], and all its neighbors, n[1]..n[maxnbrs],
ordered as specified by the rule file.

This block is specific to Conway's LIFE and similar rules. In the
future | may want to generalizethis to accept a string representing
" a symbolic’expression with operators, etc.
int sum=0;
inti;
for (i=1; i<=maxnbrs; i++) sum += n[j];
if ( n[0] && sum>=livemin && sum<=livemax) return maxstate;
if (In[0] && sum>=bornmax && sum<=bornmax) return maxstate;
/* else ™/ return deadstate;

}
int flipstate(void) .
/* Returns a random, valid cell state.

return minstate + (int)rrandom(maxstate-minstate+1); /* full range */

int x_flipstate(int s) .
i* Returns a random, valid cell state other than s.

{

int rnd;

rnd = minstate + (int)rrandom(maxstate-minstate); /*range-1 */
if (rmd <s) return rnd;

/*else */ ~ return rnd+1;

}

}/*oid testrules(void)
There is only one illegal rule case in this Program. This routine tests
if that case is encountered. If it is ithalts the program with an error
message.
The illegal rule case is "dead + 0 nbrs --> live". Thisis illegal = .
because the dead state is chosen by exactly this criterion. 1f this is
not true then CellBot will fail to handle it properly. Hence, choose
your "deadstate" with care!
Modifications:

v2.06a Aug 21/94
- new

in'{ *n = ivector(0,maxnbrs);
inti;

for (i=0; i<=maxnbrs; i++) nl[i] = deadstate;
if (applyrules(n) != deadstate)
runtime_err(“lllegal rule detected. Choose new deadstate.");
[* else Ok */
free_ivector(n,0,maxnbrs);

c*ell *move_cell(cell *c)
Chooses new random position in the range
newx = oldx[]-mix_range .. oldx[]+mix_range

for each coordinate. Includes possible zero move. Sets new cell's state
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and mix flag. Can move via jump or random walk through neighbors
depending on mix_type.

Modifications:

v2.14b Jun 23/95
- don't modify c->state or c->newstate
v2.14a Jun 18/95 . )
- can move via walk or jump (see mix_type)
- does bounds and error checking intérnally
- renamed random_moveé) to move_cell()
- now takes in old cell and returns new cell

v2.12a Apr 2/95 . . . . .
- no longer restricted to first neighbors. Now range=mix_radius
- function type set to void. No returns.

v2.10a Mar 12/95
" - new

cell *newc;

int *oldx; .
int *newx = ivector(1,dim);
int i,j,k, state;

state = c->state; i
c->state = deadstate; /* make cell available */

if (mix_type==JUMP) {
oldx = ¢c->x;
g rt{apeat until valid site found */
o

/* get new site */
for (i=1; i<=dim; i++) o . .
- newx]i]=oldx[i]-mix_range + (int)rrandom(2*mix_range+1);
~newc=ni_getcell(newx);
Y while (linbounds(newx) || live(newc));
} else if (mix glpe;:WALK) !
oldx = ivector(1,dim); .
ivector_cpy(newx,c->x,1,dim); /* copy c->x to newx ¥/
* do a random walk of mix_range steps *
for (i=1; i<=mix_range; i++): .
L\i/e?for_cpy(oldx,newx,l,dlm); /* copy newx to oldx ~ */
o

[* take a step */
Jngtgrandom(maxnbrs+l);
if (j!=

for (k=1; k<=dim; k++) )
newx[k]=oldx[K]+nbrx[j][k];

o %ewc:ni_getcell_(newx);
} while (linbounds(newx) || live(newc));

}

newc = %etcell(newx);
newc->state = state;
newc->newstate = c->newstate;
newc->mixflag = 1;

return newc;

}

/*turn off "___ ' declared but never used" warning */
#pragma warn -use

rules.h
/*
CellBot - rules.h
Copyright 1994 Hendrik Jan Blok
Modifications:
v2.14a Jun 18/95
- random_move() replaced by move_cell()
v2.12a Apr 2/95
- mix_radius made local to rules.c
v2.10a Mar 12/95
- dead(c) & live(c) now test if c==NULL
" - added prototypes for mixing, mix_radius & random_move()

#ifndef _RULES _H
#define_ RULES_H_

#define deadSc) ggcg == NULLA| (c)->state == deadstate)

#define live(c c) != NULL && (c)->state != deadstate)

extern int dim; /* dimensionality o

extern int **nbrx; /* relative locations of all neighbors
extern int maxnbrs; /* number of neighbors */

extern float sync; . [* synchronisity *

extern int minstate; [* possible states are */

extern int maxstate; * minstate..maxstate */
extern int o deadstate; /* must be within range */

extern float mixing; /* mixing fraction */

/* function prototypes */

void initrules(char rulefname(]);
int apple/rules(mt *n);

int flipstate(void);

int x_flipstate(int s);
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cell *move_cell(cell *c);
#endif /* _RULES_H_ */

stable.c
CellBot - stable.c
Copyright 1994 Hendrik Jan Blok

Determines whether the system has stabilized or not. If so, then
returns period, else returns 0. Actually tests periodicity of a
statistic of the system. Assumes thatif this is periodic then

it is reasonable to assume the system is also periodic.

The statistic | have chosen is count_activity which is calculated in
advance(). Itis the sum of the magnitudes of all changes to the
cells (ie. sum(abs(c->newstate - c->oldstate))).

*

#include "cbh.h" /* defines count_activity

int maxperiod; . [*maximum detectable period
long *stablewin; /* stability window */

int stable(void)
/*

Returns 0 if system has not stabilized, else non-zero (returns
s¥fstem periof ? Also adjusts sum_activity to eliminate the
effects of overlap.

Note: we are not recording stability data in the dumpfile so in the
event of a crash the decay time may not be accurate. This would
occur if the system has stabilized but stable() hasn't recognized it

?/et. After the crash, all stability data is reset 'so we must advance at
east 2*maxperiod steps before the system can be recognized as stable.

*/
*/

*/
{ int testperiod(int p);
static int next=0;
static int filled=0;
int p;
[* first check if user wants to test stability at all. */
if (maxperiod <= 0) return O;
4# FtiII stablexyinﬂ. count_activity set in advance() so that must be called
irst.
stablewin[nexé] = count_activity;
if (++next == Z*maxperiod) {
next=0;
filled=1;
}
[*if not filled then can't test stability */
if (ffilled)  return O;
[* else test periodic = */
for (p=1; p<=maxperiod; p++
if (tes perlod(?)))
/* Adjust sum_activit}/. o
for (next=0; next < 2*maxperiod; next++)
sum_activity -= stablewin[next];
/* Reset stablewin[].  */
next=0;
filled=0;
/* Exit. */
return p;
}
/* else not periodic *
} return O;

i/gt testperiod(int p)
Tests if stablewin[] periodic with period p.

E/
inti;
for (i=p; i<2*maxperiod; i++) { o
if (stablewin[i] != stablewin[i-p])  return O;
}* else */
}
/*turn off™___ ' declared but never used" warning */

#pragma warn -use

stable.h

CellBot - stable.h
Copyright 1994 Hendrik Jan Blok
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” Determines whether the system has stabilized or not.

#ifndef _STABLE_H
#define_STABLE_H_

extern int maxperiod,; /* maximum detectable Period *
extern long *stablewin; /* stability window /

int stable(void);

#endif /* _STABLE_H_ *
strops.c
strops.c

Copyright 1994,95 Hendrik J. Blok

" Routines to enhance string operations.

#include "strops.h" /* includes <string.h>, defines _strlen() *
)/*oid str_insert(char *ptr, char *substr)
Insert substring at ptr.

*
{ uqsigned int I=_strlen(substr);

inti;

if (Isubstr) return;

fog (i:_str%enéptr); i>=0; i--) . /* shift characters out */

Kt ) =H(ptr+); .

for (i=0; i<l; i++) . [* insert substr */

) *(ptr+i)=*(substr+i);

)/*oid str_delete(char *ptr, unsigned int count)
Delete count characters at ptr.

*
{ . .

unsigned int n=_strlen(ptr);

if (lcount) return;

if count>:n2 . . .

ptr=\0';  /* simply truncate string pointer ~ */ .

else /* move characters to overwrite deleted substring

) strepy(ptr, ptr+count);

i/gt str_replace_str(char *ptr,char *find, char *replace, int freq)

Find occurances of find, and replace with replace up to freq
times. Returns -1 if ptr or find strings are null. Else returns 0.
If initial freq<0 then replace all occurances.

*/
{ unsigned int findlen=_strlen(find);
unsigned int ptrlen=_strlen(ptr);
char *match_ptr;
[* argument checking _*/
if ((findlen*ptrlen) == 0)
return -1;
match ptr:strstr(ptr,fincg;
while ('(mat(%h_ptr 1= 0) && (freq '= 0)) {
req--;
I* rct‘amove string found */
str_delete(match_ptr, findlen);
[* replace It with new string */
if (replace) .
. str_insert(match_ptr,replace);
/* find next matching strings */
) match_ptr=strstr(ptr,find);
return 0O;
}
strops.h
/*
strops.h

Copyright 1994,95 Hendrik J. Blok
Some routines to simplify string operations.

*,

#ifndef _STROPS_H
#define_ STROPS_H_

#include <string.h>

#define softspaces "\t\n"

#define c_in_s(c, s) (strchr(s,c)!;NULL2

#define itos(value itoa((int) value, str, 102
#define ltos(value Itoa((long) value, str, 10)
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#define ultos(value) ultoa((unsigned long) value, str, 10)
#define gtos(value, ndig gevt((double) value, ndig, str;
#define etos(value, ndi ecvt((double) value, ndig, str;
#define ftos(value, ndig fevt((double) value, ndig, str)
/*
Use _strleng) instead of strlen() for portability onto Unix machines.
. Unix doesn't like strlen(NULL).
#ifdef __MSDOS__
#define _strlen(s) strlen(s)
#else
. #define _strlen(s) ((s)!=NULL ? strlen(s) : 0)
#endif
/* Routines from Mosich, Shammas and Flamig (see strops.c) */

void str_insert(char *, char *);
void str_delete(char *, unsigned int); .
int str_replace_str(char *, char *, char *, int);

#endif  /*_STROPS_H_ *o
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